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Globalization has intensified competition, increasing the 
importance of international marketing strategy for the 
survival, development, and profitability of modern busi- 
ness organizations. The link between international mar- 
keting strategy and performance outcomes has attracted 
significant research attention in the international mar- 
keting literature. However, inconsistent empirical find- 
ings regarding this linkage due to limited theoretical 
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Alexander Krasnikov & Satish Jayachandran 


The Relative Impact of Marketing, 
Research-and-Development, and 
Operations Capabilities on Firm 

Performance 


The impact of the marketing function on firm performance has been the focus of much recent research in marketing. 
Thus, the effect of marketing capability on firm performance, compared with that of other capabilities, such as 
research and development and operations, is an issue of importance to managers. To examine this issue and 
generate empirical generalizations, the authors conduct a meta-analysis of the firm capability-performance 
relationship using a mixed-effects model. The results show that, in general, marketing capability has a stronger 
impact on firm performance than research-and-development and operations capabilities. The results provide 
guidelines for managers and generate directions for further research. 


Keywords: marketing capability, research-and-development capability, operations capability, meta-analysis, mixed- 


effects model, firm performance, capability-performance relationship 


edge embedded in organizational processes (Helfat 

and Peteraf 2003). They are critical sources of sus- 
tainable competitive advantage used by firms to leverage 
their assets and achieve superior performance. Capabilities 
serve as the "glue" that binds different resources together 
and enables them to be deployed to maximum advantage 
(Day 1994, p. 38). The role of marketing capability in dri- 
ving superior firm performance has been of significant 
interest to marketing scholars (e.g., Capron and Hulland 
1999; Day 1994; Grewal and Tansuhaj 2001; Vorhies and 
Morgan 2005). However, empirical research that directly 
examines the impact of a firm's marketing capability on 
performance, compared with the impact of capabilities in 
other functional areas, such as research and development 
(R&D) and operations, is scarce. This leaves unresolved the 
issue of whether marketing capability has a greater or lesser 
influence on firm performance than other capabilities. 

The relative importance of marketing capability in dri- 
ving performance is a significant issue in light of the con- 
cerns expressed about the role of marketing in building firm 
value (Srivastava, Shervani, and Fahey 1998, 1999). In a 
recent story about the stock price of the retail firm 
RadioShack, the Wall Street Journal commented that earn- 


C are complex bundles of skills and knowl- 
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ings gains generated through cost cutting and efficient 
operations are less sustainable and, thus, less valuable than 
earnings gains from a revenue increase (Zuckerman and 
Hudson 2007). This comment implies that the payoff from 
emphasizing capabilities that result in lower costs and more 
efficient operations could be different from that obtainable 
by focusing on capabilities that result in revenue growth. 
Therefore, research providing empirical generalizations for 
the relationship of different types of capabilities to perfor- 
mance and an examination of how they vary would benefit 
managers and academics. 

Despite a significant volume of research on the relation- 
ship of capabilities to performance, the findings regarding 
this relationship often vary substantially in terms of magni- 
tude. The predominant view in prior research is that capa- 
bilities are positively associated with performance (Day 
1994). Nevertheless, several studies report that capabilities 
can turn into core rigidities and might even have a negative 
influence on some aspects of firm performance (e.g., Haas 
and Hansen 2005; Leonard-Barton 1992). Therefore, 
empirical generalizations from previous research would 
also help assess the overall impact of firm capabilities on 
performance and highlight study characteristics that may 
cause variation in the relationship. 

To address these objectives, we conduct a meta-analytic 
assessment of the capability-performance relationship. In 
doing so, we focus on three types of capabilities: marketing, 
R&D, and operations. Marketing capability represents a 
firm's ability to understand and forecast customer needs 
better than its competitors and to effectively link its offer- 
ings to customers (market sensing and customer-linking 
capabilities; Day 1994). Research-and-development capa- 
bility is a firm's competency in developing and applying 
different technologies to produce effective new products 
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and services. Operations capability is the skills and knowl- 
edge that enable a firm to be efficient and flexible producers 
or service providers that use resources as fully as possible. 

We recognize that capabilities can be characterized in 
other ways, such as classifications that employ a more 
micro approach (e.g., customer-relating capability; Day 
2000). Our interest in marketing, R&D, 'and operations 
capabilities is shaped by two issues, one fundamental and 
the other practical. The fundamental issue is that marketing, 
R&D, and operations are core organizational functions 
involved in developing and implementing a strategy that 
results in sustained advantage. For example, Treacy and 
Wiersema (1993) argue that superior customer value can be 
delivered through operational excellence, customer inti- 
macy, and product leadership. These strategies are evidently 
related to operations capability, marketing capability, and 
R&D capability, respectively. The practical issue is that in a 
meta-analysis, we are limited by the availability of enough 
studies that examine a particular relationship. Focusing on 
marketing, R&D, and operations capabilities enables us to 
overcome the sparse data problem caused by the lack of 
availability of a sufficient number of prior studies that 
examine the relationship of a particular capability to perfor- 
mance. In effect, we do not claim that our categorization 
of firm capabilities in the context of this meta-analysis is 
exhaustive. Rather, the study summarizes the effect of the 
most widely examined capabilities on performance. 

Overall, this study seeks answers to the following 
questions: 


*What is the mean impact of capability on performance? 

*Does the impact on performance vary for marketing, R&D, 
and operations capabilities? 

*What other study characteristics moderate the overall rela- 
tionship between capabilities and performance? 


As a preview, the empirical generalizations we derive 
from prior research show that capabilities in general and 
marketing, operations, and R&D capabilities in particular 
are positively associated with performance. Using hierar- 
chical linear modeling (HLM) and controlling for the effect 
of other study characteristics, we demonstrate that market- 
ing capability has a stronger influence on performance than 
R&D capability and operations capability. This is an impor- 
tant finding in the context of the discussion about the role 
of marketing in firm value creation (e.g., Rust et al. 2004; 
Srivastava, Shervani, and Fahey 1998, 1999). For example, 
industry surveys often provide evidence that senior manage- 
ment is unsure of the value of the marketing function and 
therefore might be less inclined to invest in developing mar- 
keting capabilities (e.g., O'Halloran 2004). The results from 
the current research support Srivastava, Shervani, and 
Fahey’s (1998) argument about the importance of marketing 
assets for firm performance and highlight the potential folly 
of not focusing on investments that build marketing capabil- 
ity. Overall, by summarizing the results from a large body 
of research, we provide findings that advance the dialogue 
on the role of marketing in firms. 

We organize Ше article as follows: We begin with a dis- 
cussion of the theoretical issues related to capabilities 
research and offer hypotheses. Then, we explain the devel- 
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opment of the database for the meta-analysis. Following 
this, we provide the analysis and present the results. Finally, 
we discuss the implications and suggest future research 
directions. 


Capabllities and Performance 


The resource-based view of the firm argues that resources 
that differ in value, rarity, imitability, and sustainability are 
at the root of competitive advantage (Barney 1991; Penrose 
1959; Wernerfelt 1984). The resource-based view has had 
an influence on the dialogue in the marketing strategy lit- 
erature by helping researchers articulate the drivers of 
competitive advantage (e.g., Bharadwaj, Varadarajan, and 
Fahy 1993; Capron and Hulland 1999; Hunt and Morgan 
1995). The capabilities perspective suggests that it is the 
capabilities, more than the resources, that enable the 
deployment and leveraging of resources that help some 
firms perform better than others (Grant 1996; Teece, 
Pisano, and Shuen 1997). Capabilities enable a firm to per- 
form value-creating tasks effectively, and they reside in 
organizational processes and routines that are difficult to 
replicate. Capabilities are deeply rooted in these processes 
and therefore are embedded within organizations in the 
complex mesh of interconnected actions that follow mana- 
gerial decisions over time. In effect, capability embedded- 
ness, or its incorporation into the surrounding context, cre- 
ates barriers to imitation, enabling firms to enjoy 
sustainable advantage over their rivals (Grewal and Slote- 
graaf 2007). In addition, Danneels (2002) proposes that 
existing capabilities may serve as leverage points for the 
development of new ones that help a firm sustain its perfor- 
mance. Overall, capabilities are key determinants of a firm's 
competitive advantage and, thus, its performance (Day 
1994). In general, the weight of arguments in prior research 
supports a positive association between capability and 
performance. 

Capabilities have been demarcated according to their 
different functional areas. In this article, we limit our atten- 
tion to marketing, R&D, and operations capabilities and 
their impact on performance. Fundamentally, marketing is 
the function that is responsible for meeting customer needs. 
Therefore, marketing capability is the organizational com- 
petence that supports market sensing and customer linking. 
As such, marketing capability spans processes that are 
established within organizations to decipher the trajectory 
of customer needs through effective information acquisi- 
tion, management, and use. In addition, marketing capabil- 
ity involves the processes that enable a firm to build sus- 
tainable relationships with customers (Day 1994). 
Research-and-development capability refers to the pro- 
cesses that enable firms to invent new technology and con- 
vert existing technology to develop new products and ser- 
vices. Therefore, R&D capability depends on the routines 
that help a firm develop new technical knowledge, combine 
it with existing technology, and design superior products 
and services. Operations capability is focused on perform- 
ing organizational activities efficiently and flexibly with a 
minimum wastage of resources. Therefore, these capabili- 
ties are related to efficient manufacturing and logistics. 


Overall, operations capability has been described as focus- 
ing on efficient delivery of quality products and services, 
cost, and flexibility (Tan et al. 2004).1 

As we noted previously, capabilities are often not 
explicitly visible. As such, the measurement of capabilities 
has frequently been based on secondary proxy measures 
that are considered their valid outward manifestations. For 
example, marketing capability has been assessed using 
measures such as market research and advertising expendi- 
tures (e.g., Dutta, Narasimhan, and Rajiv 1999). Many other 
studies have employed primary measures by developing 
scales to quantify facets of marketing capability (e.g., Day 
2000; Jayachandran, Hewett, and Kaufman 2004). The 
measurement of R&D capability has also been approached 
in a manner similar to that used in capturing marketing 
capability. The most frequently used measure of R&D capa- 
bility is based on R&D expenditure, which is often stan- 
dardized relative to industry expenditures and expressed as 
R&D intensity (e.g., Dutta, Narasimhan, and Rajiv 1999). 
Rating scales have also been used to capture R&D capabil- 
ity in studies in which primary data are employed (e.g., 
Song et al. 2005). Operations capability has been measured 
through scales of its various dimensions, such as flexibility, 
cost efficiency, and logistics (e.g., Tan et al. 2004). In addi- 
tion, studies have employed primary measures of produc- 
tion competence to assess operations capability (Vickery, 
Dróge, and Markland 1997). 

The performance measures to which capabilities are 
related distinguish between two types of outcomes: market 
performance and efficiency performance (e.g., Dutta, 
Narasimhan, and Rajiv 1999; Eisenhardt and Martin 2000). 
Market performance refers to measures such as market 
share, profitability, and sales, whereas efficiency perfor- 
mance refers to measures such as cost reduction, lead-time 
reduction, and time to market. 

In summary, prior research has examined the relation- 
ship between capabilities and performance using various 
approaches. The studies have used both primary and sec- 
ondary data. There is some variation in the measures that 
are employed to quantify different capabilities, though the 
conceptual approaches to defining and articulating capabili- 
ties are largely consistent. The variance in how the studies 
are designed and how the constructs are measured is attrib- 
utable to the broad theoretical sweep of the core construct, 
namely, firm capability. Because conceptually broad phe- 
nomena need to be studied over a diverse set of contexts, it 
is considered appropriate to include studies that vary in sit- 
uations and procedures when summarizing such research in 
a meta-analysis (Hunter and Schmidt 1990). Indeed, a 
meta-analysis of theoretically broad constructs that includes 
studies that vary in context and methods would help assess 
construct validity and the validity of an effect through trian- 
gulation. Furthermore, a relationship that is supported under 
various situations lends credence to its robustness (Hall et 
al. 1993). In addition, to account for the variance in study 





INote that "quality," as referred to in the context of operations 
capability, is that of low-defect manufacturing quality and not 
consumer-perceived quality, the more widely accepted notion of 
the term in the marketing literature. 


contexts and methods, salient study design factors can be 
coded, and their moderating effect on the capability— 
performance relationship can be tested. Next, we discuss 
the various factors that cause variation in the 
capability—performance relationship. 


Impact of Different Types of 
Capabillties and Other Study 
Characteristics 


The framework shown in Figure 1 outlines the potential 
impact of different types of factors on the capability— 
performance relationship. One primary factor that causes 
variance in the capability-performance relationship is the 
type of capability—that is, marketing, R&D, or operations. 
In addition, we examine several other study characteristics 
as potential moderators of the capability-performance 
relationship. 


Impact of Different Types of Capabilities 


The impact of capabilities on performance is governed by 
two characteristics of the knowledge that drives them: the 
difficulty that rivals face in copying them (imperfect 
imitability) and the difficulty they have in obtaining them 
from the market (imperfect mobility). Marketing, R&D, and 
operations capabilities may differ with respect to the 
imitability and mobility of the knowledge that supports 
them. Thus, and as we discuss in detail next, the impact of 
these different capabilities on performance could vary. 

Marketing capability is based on market knowledge 
about customer needs and past experience in forecasting 
and responding to these needs (Day 1994). Market knowl- 
edge usually develops over time through learning and 
experimentation. Simonin (1999) notes that a substantial 
part of market knowledge is difficult to codify because of 
its socially complex nature, implying that market knowl- 
edge is distributed across multiple groups and people. The 
assumptions of experiential learning and social complexity 
of market knowledge suggest that, to a large degree, mar- 
keting capability is based on knowledge that is tacitly held 
and difficult for rivals to copy (imperfect imitability). Even 
when market knowledge is codified and can be transmitted, 
as in customer satisfaction measurement systems, the 
knowledge is closely held, leading to imperfect mobility 
(difficulty in obtaining this capability through a market sys- 
tem). Overall, marketing capability is likely to be immune 
to competitive imitation and acquisition because of the dis- 
tributed, tacit, and private nature of the underlying 
knowledge. 

The knowledge and processes that underpin R&D capa- 
bility and drive innovations are likely to be more codified 
than the knowledge that supports marketing capability. 
Technological developments are typically manifested in 
inventions that are patented. In the patenting process, the 
inventor must disclose critical information about the tech- 
nology. Thus, even if the patent provides the inventor firm 
with protection from copying, the codified knowledge dis- 
closed enables a competitor to build on or around the origi- 
nal invention (Anand and Khanna 2000; Levin et al. 1987). 
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FIGURE 1 
Theoretical Framework for the Meta-Analysis 
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In comparison, there is no overt pressure to codify the 
knowledge that supports marketing capability and to dis- 
close it in the public domain. Further adding to the mobility 
of R&D capability is the idea that to reduce R&D competi- 
tion that might otherwise make innovation too costly, firms 
might even license their discoveries to rivals (Anand and 
Khanna 2000). Overall, this argument suggests that R&D 
knowledge and processes are codified and shared to a 
greater degree than the more tacitly held marketing knowl- 
edge and processes. Therefore, in general, R&D capability 
is likely to be more imitable and mobile than marketing 
capability. 

Operations capability is frequently based on processes 
that have been benchmarked and codified. For example, 
many firms have pursued total quality management and 
international standards organization programs to enhance 
quality and efficiency. Similarly, many firms have imple- 
mented business process reengineering to redesign business 
systems and work flow and to employ information technol- 
ogy to enhance efficiency. The activities to be adopted by 
organizations that followed total quality management and 
international standards organization programs are codified 
and certified, as well as aided by consultants. For business 
process reengineering, companies also take advantage of the 
expertise offered by consultants. Thus, some of the seminal 
efforts that drove operations capability over the past two 
decades were not necessarily based on firm-specific skills 
but rather on skills that were available to all firms from the 
external market. Pursuing capabilities based on codified 
processes may not afford an organization the ability to 
achieve competitive advantage. For example, Carr (2003) 
argues that the core functions of information technology, 
such as data processing and storage, are widely available 
and largely affordable and therefore do not provide an 
operations capability that leads to sustained advantage. 
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Factors Affecting the Capabillty-Performance 
Relationship 


Capability Type (H4, Ho) 
eMarketing 


*Market versus efficlency performance 

eLarge versus small firms 

eSubjective versus objective data 
*Buslness-to-business versus buslness-to-consumer 
*Manufacturing versus service business 

*U.S. versus non-U.S. firms 

*Strategic business unit versus firm level 

eMultiple versus single industry 


In effect, R&D capability and operations capability are 
relatively more susceptible to imitation and are relatively 
more mobile than marketing capability. This renders 
competitive advantage based on these capabilities more 
prone to competitive interference than advantage based on 
marketing capability. However, note that though we argue 
for the relatively stronger impact of marketing capability on 
performance, we are not decrying the importance of R&D 
capability and operations capability. There may be specific 
industries in which R&D capability and operations capabil- 
ity are more important than marketing capability. However, 
our hypotheses are based on general findings and not 
industry-specific or firm-specific findings. Our primary 
contention is that given the nature of the knowledge that 
drives these capabilities, marketing capability typically 
leads to stronger performance than R&D capability and 
operations capability. 

Hı: The capability-performance relationship is stronger for 

marketing capability than for R&D capability. 

Hz: The capability-performance relationship is stronger for 

marketing capability than for operations capability. 


Other Study Characteristics That Influence the 
Capability-Performance Relationship 


To examine Н, and Н» in a meta-analysis, we need to 
account for other study characteristics that might also influ- 
ence the overall capability-performance relationship. Next, 
we discuss the study characteristics that might affect the 
capability-performance relationship. 

Performance type. Аз we noted previously, prior 
research bas examined the role of capabilities in terms of 
efficiency in integrating and reconfiguring resources (e.g., 
Dutta, Narasimhan, and Rajiv 1999; Eisenhardt and Martin 
2000) and their impact on market outcomes (e.g., Vorhies 


and Morgan 2005). Therefore, the outcome of capabilities is 
assessed using different types of metrics related to effi- 
ciency performance and market performance. As such, in 
coding the effect of capability on performance, we distin- 
guish between efficiency performance and market 
performance. 


Large versus small firms. The link between organiza- 
tional capabilities and performance may vary for firms 
operating on different scales. Firm capabilities are deeply 
embedded in organizational processes and routines (Day 
1994). Larger firms have more idiosyncrasies in which mul- 
tiple organizational routines coexist. Furthermore, larger 
organizations are characterized by more complex routines 
and processes, all of which would be more difficult for 
competitors to imitate. Therefore, the capability— 
performance relationship may be stronger for studies that 
use samples of large firms (e.g., revenues or assets greater 
than $500 million and also based on author classifications) 
than for those that use samples of small firms. 


Subjective versus objective data. 'The strength of the 
relationship between capability and performance could vary 
according to the type of data used in a study. Capabilities 
are multidimensional and may not be adequately captured 
by the proxy measures used in objective data collection. 
Furthermore, because capabilities are deeply routed in orga- 
nizational processes, subjective evaluations of experienced 
decision makers may better capture their nuances. However, 
the correlations obtained from subjective data coud be 
inflated as a result of common methods bias. For these rea- 
sons, the capability-performance relationship may be 
stronger for subjective data than for objective data. 


Industry type. It is fairly common in meta-analyses in 
marketing to examine whether the impact of a particular 
factor on firm performance varies with industry type (e.g., 
Kirca, Jayachandran, and Bearden 2005). Therefore, we 
used the following study characteristics as moderators in 
the analysis: whether the effect size is from samples of 
manufacturing or services firms and whether the effect size 
is from samples of business-to-business organizations or 
business-to-consumer organizations. There is no a priori 
reason to expect the effect sizes to vary in a specific direc- 
tion according to these study characteristics. 

Geographic context. Prior meta-analyses in marketing 
have examined whether the relationship of interest varies in 
terms of the geographic context of the data. Therefore, we 
coded the studies according to whether the data were from 
firms in the United States or otherwise (Asia, Australia, and 
Europe). Again, there is no reason to expect the capability— 
performance relationship to vary in a particular direction 
according to geographic context. 

Level of study. We also coded studies according to 
whether the data were collected from samples of strategic 
business units (SBUs) or firms. It is likely that SBUs would 
be more closely identified with a specific capability, and 
therefore studies with data from SBUs might exhibit 
stronger capability-performance relationships. 

Single versus multiple industry data. Whether a study 
focuses on data from firms in a single industry or from 


firms in multiple industries might also influence the 
capability-performance relationship. Capabilities required 
for success in different industries vary. When data are col- 
lected within a single industry, it is likely that the capability 
associated with success in that specific industry can be mea- 
sured in a fine-grained manner. In contrast, when data are 
collected from firms that operate in different industries, the 
measurement of capability might need to be at a more 
aggregate level, thus obscuring the relationship of capabil- 
ity to performance. As such, the capability-performance 
relationship could be stronger in studies that focus on one 
industry than for studies with multi-industry data. 


Database Development 


In this section, we describe the procedures we followed to 
develop the database for the meta-analysis. These proce- 
dures are consistent with those used in previous meta- 
analyses in marketing (e.g., Brown and Peterson 1993; 
Kirca, Jayachandran, and Bearden 2005). First, to create a 
comprehensive list of studies of the capability-performance 
relationship, we conducted keyword searches of major elec- 
tronic databases (ABVINFORM, EBSCO, ScienceDirect, 
JSTOR) using words and phrases such as "organizational 
capabilities," “competencies,” and "dynamic capabilities.” 
Second, we searched the Social Sciences Citation Index for 
studies that referenced the most-cited articles in the organi- 
zational capabilities literature (e.g., Day 1994; Teece, 
Pisano, and Shuen 1997). We also manually searched major 
marketing and management journals in which articles on 
organizational capabilities are most likely to be published 
(e.g., Academy of Management Journal, Decision Sciences, 
Journal of the Academy of Marketing Science, Journal of 
Marketing, Journal of Marketing Research, Management 
Science, Marketing Science, Strategic Management 
Journal). In addition, we contacted several researchers and 
requested working papers and forthcoming articles; we 
posted a similar request on the electronic list servers for 
marketing, management, and international business 
academics. 

The selection of studies for the meta-analysis was based 
on several criteria. First, we chose empirical studies that 
satisfied the previously discussed definitions of capabilities 
(examples of different measures coded as capabilities 
appear in the Appendix). Second, we selected studies that 
measured capabilities at the organizational level. Finally, 
we selected studies that provided the r-family of effects to 
ensure that meaningful comparisons of effect sizes across 
different studies could be conducted (Hedges and Olkin 
1985). On completion of the search process in October 
2007, we obtained 114 studies. Because we received few 
unpublished studies, we included only published studies in 
the meta-analysis. We calculated availability bias—that is, 
the number of studies reporting null effects for the respec- 
tive relationship that is necessary to reduce the cumulative 
effect to the point of nonsignificance—to allay concerns 
about the “file-drawer problem" (see Lipsey and Wilson 
2001).2 


2A full list of the studies included in the meta-analysis is avail- 
able on request. 
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To develop the final database, we again followed the 
procedures outlined in recent meta-analyses in the market- 
ing literature (e.g., Kirca, Jayachandran, and Bearden 
2005). We developed a coding protocol to specify the type 
of information to be extracted from the studies (Lipsey and 
Wilson 2001). One of the authors and a doctoral student in 
marketing who was not otherwise involved with the study 
completed the coding. The two coders initially concurred 
on approximately 8596 of the coded data. Discussion 
between the coders helped clarify disagreements and 
achieve 9896 consistency in the coding. The coding of dif- 
ferent types of capabilities was consistent with their defini- 
tions provided previously.3 

After compiling the data, we adjusted the effects from 
each study for unreliability using the approach that Hunter 
and Schmidt (1990) recommend. We first divided the corre- 
lations by the square root of the product of the reliabilities 
of the two correlated constructs. Next, we transformed the 
reliability-corrected correlations into z-values (Hedges and 
Olkin 1985). Then, we calculated the weighted mean of the 
z-scores using the inverse of their variance (N — 3) as 
weight, where N is the sample size. Finally, we transformed 
the z-scores back to obtain the revised correlation coeffi- 
cients (Hedges and Olkin 1985). 


Testing Н+, H5, and the Impact of 
Study Characteristics Using a 
Mixed-Effects Model 


To test the relative impact of marketing, R&D, and opera- 
tions capabilities on the capability-performance relation- 
ship (Н!-Н2), we used а mixed-effects model. The har- 
vested effect sizes are nested within studies. Nested data 
structures may lead to heteroskedasticity in the errors from 
traditional regression analysis because correlations from a 
study could be more “alike” than correlations from different 
studies (Beretvas and Pastor 2003; Bijmolt and Pieters 
2001). Thus, traditional regression analysis may not be 
appropriate, because it could produce biased estimates. We 
tested for heteroskedasticity (White 1980) and found that 
the data were indeed of nonconstant error variance (274 = 
207.40, p « .01). А potential remedy for this problem is to 
average all effects sizes within a study and to use a tradi- 
tional moderated regression analysis (e.g., Kirca, Jayachan- 
dran, and Bearden 2005). However, Bijmolt and Pieters 
(2001), Lipsey and Wilson (2001), and Raudenbush and 
Bryk (2001) advocate the use of a mixed-effects model to 
address the nested structure of the data and to produce more 
generalizable results. Indeed, HLMs (a special case of 


3For coding measures related to new product development capa- 
bility, if a measure focused only on the technological component 
of new product development (e.g., integration of technologies, 
R&D capability), we coded it as R&D capability. However, if the 
measure focused only on the marketing component of new product 
development (e.g., matching changing needs of customers, market 
development), we coded it as marketing capability. A few mea- 
sures of new product development capability combined both mar- 
keting and technological components of new product development 
(e.g., Vorhies and Morgan 2005), and we excluded them from the 
database to eliminate the risk of confounding. 
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mixed-effects models) account for the nested structure of 
the data by modeling within- and between-study variances. 
The mixed-effects model we employed in this study 
assumes that the two types of variations in effect sizes can 
be explained by the type of capability and performance 
variables, as well as other study characteristics. Thus, our 
model is as follows: 


(la) Level 1: Z, = Bo, +В, X Xy + B5, X X5, 


+ B4, x X4, + бр and 


(1b) Level 2: В, = Yno + S XU, + ш, 
k-1 


where Z; denotes the ith effect size reported within jth sam- 
ple G = 1 – 133) and Dij, Bj, and Bs, describe parameter 
estimates (slopes) for the three categorical variables Xy 
Ху, and X4,, such that 


Ху = 1 if the correlation is between R&D capability (R&D) 
and performance and 0 if otherwise, 

Хә, 1 if the correlation is between operations capability 
(OPER) and performance and 0 if otherwise, and 

Хзу = 1 if the correlation is between capability and market 
performance and 0 if the correlation is between capabil- 
ity and efficiency performance. 


The Level 1 equation (1a) describes the impact of dif- 
ferent capability types and performance measures, which 
vary at a study level, whereas the Level 2 equation (1b) 
describes the effect of study characteristics on the intercept 
and slopes in the Level 1 equation. The coding scheme was 
as follows: 


Uj; = large (1) versus small (0) firms, 

02; = subjective (1) versus objective (0) data, 

Us, = business-to-business (1) versus business-to-consumer 
(0) data, 

U4 = manufacturing (1) versus services (0) data, 

Us, = U.S. (1) versus non-U.S. (0) data, 

Ug = SBU (1) versus firm (0) data, and 

Чу = multiple (1) versus single (0) industry data.4 


In addition, үм) (n = 0 — 3) represents the fixed effects in the 
intercept and slopes By, and u, (n = 0 — 3) describes the 
unexplained variance (between studies) in the intercept and 
slopes after we partition the effects of study and sample 
variables. 


Results 


We collected 786 effect sizes for the capability— 
performance relationship from 114 studies, with a total 
sample size of 30,645. The effect sizes ranged from —.56 to 
—82 in value. As we expected and consistent with prior 
research, we obtained a significant, positive relationship 


4The coding and analysis accounted for contingencies in which 
some studies did not fit neatly into either of these categories (e.g., 
studies that were a mix of business-to-business and business-to- 
consumer firms, studies that were a mix of manufacturing and ser- 
vices business, and studies that had data from U.S. and non-U.S. 
locations) by developing appropriate contrasts. None of these con- 
trasts were significant. 


between capability and performance (т = .283, p « .05). The 
high numbers for availability bias (4501) suggest that 
unpublished studies are not a serious threat to the validity of 
the results. We obtained 319, 206, and 261 effects, respec- 
tively, for the relationships of marketing capability, R&D 
capability, and operations capability to performance. The 
sample sizes for marketing capability-performance, R&D 
capability-performance, and operations capability— 
performance effects are 19,179, 15,766, and 14,675, 
respectively. 

For the test of the hypotheses, we used the 
z-transformed values of reliability-corrected correlations 
between capability and performance as the dependent 
variable. The relevant parameter estimates for the mixed- 
effects model appear in Table 1.5 The results of contrasts 
(R&D capability versus marketing capability) indicate that 
R&D capability (B = —.100, t-value = —3.25) has a lower 
impact on firm performance than marketing capability. 
Thus, H, was supported. Similarly, we found that, in gen- 
eral, operations capability has a lower impact on perfor- 
mance than marketing capability (B = —.164, t-value = 
—8.97). Thus, Н» was also supported. The capability— 
performance effect sizes were higher for market perfor- 
mance than for efficiency performance (B = .051, t-value = 
2.01). Consistent with our predictions, the analysis suggests 
that effect sizes are stronger for subjective data than for 
objective data (B = .172, t-value = 2.47). The other study 
characteristics did not influence the capability-performance 
relationship. 


5We first estimated the intraclass correlation coefficient (p), the 
proportion of within-study variance to the total variance (Rauden- 
bush and Bryk 2001; Singer 1998; Snijders and Bosker 1994). The 
within-study (02) and between-study (tgo) variance components 
are significant and equal to .054 (p « .001) and .067 (p « .001), 
respectively. The intraclass correlation coefficient p derived from 
these estimates was .55 (.067/.121), indicating that more than half 
the observed variance was between studies and that a fair amount 
of clustering of effect sizes occurred within studies. As such, the 
use of HLM is appropriate in this context (Raudenbush and Bryk 
2001). We proceeded with the estimation of the, HLM following 
the approach that Raudenbush and Bryk (2001) and Singer (1998) 
outline. The model with random effects in the intercept and all 
three slopes did not converge. Thus, we analyzed alternative mod- 


Discussion and Implications 


We designed the study to synthesize and analyze the empiri- 
cal findings on the relationships between different types of 
firm capabilities and performance. In the process, we also 
delineated study characteristics that influence the generali- 
zability of the findings from prior research. Overall, our 
analysis reveals that firm capabilities are positively associ- 
ated with performance over a diverse set of research con- 
texts. Àn examination of the variance in these relationships 
using mixed-model analysis demonstrates that marketing 
capability has a stronger impact on performance than either 
R&D capability or operations capability. To gain further 
insights into this, we examined the bivariate correlations 
between marketing, R&D, and operations capabilities and 
performance. Marketing capability had a stronger bivariate 
correlation with performance than R&D capability and 
operations capability. The mean value for the marketing 
capability-performance relationship was .352, whereas the 
corresponding values for R&D capability and operations 
capability with performance were .275 and .205 (all signifi- 
cant at p « .05). These results support the findings from the 
mixed-model analysis. Among study characteristics, studies 
with subjective data demonstrated higher capability— 
performance correlations, as did studies that examined the 
impact of capabilities on market performance compared 
with those that focused on efficiency performance. 

The topic of firm capability is of interest not only to 
scholars and managers in marketing but also to their coun- 
terparts in the areas of operations and R&D and to senior 
managers. To the best of our knowledge, this is the first 
attempt to generalize findings in the organizational capabil- 





els with random effects in different slopes and the intercept. The 
mixed-effects model with random effects only in the intercept had 
a better fit ( C2LLR = 412.4, Akaike information criterion = 416.4, 
and Schwarz's Bayesian criterion — 421.9) than the model with 
only fixed effects in the intercept and all slopes (-2LLR = 599.9, 
Akaike information criterion — 601.9, and Schwarz's Bayesian cri- 
terion — 606.5). The models with random effects in the intercept 
and either slope or in the intercept and any two slopes did not 
demonstrate improvements in fit. Therefore, for hypotheses test- 
ing, we used the model with random effects in the intercept and 
fixed effects in the slopes. 


TABLE 1 
Varlance In the Capability-Performance Relatlonship: Test of Hypotheses and Study Characteristics 





Predictor Variables 
R&D capability (X4) 
Operations capability (X2) 
Performance type (Хз) 


Sample Characteristlcs 
Large (1) versus smali (0) firms (U4) 
Subjective (1) versus objective data (0) (Us) 


Business-to-business (1) versus business-to-consumer (0) (Оз) 


Manufacturing (1) versus services (0) (U4) 
U.S. (1) versus non-U.S. (0) (Us) 

SBU (1) versus firm (0) (Ug) 

Multiple (1) versus single (0) industry (U7) 


*р < .05. 


Hypotheses d.f. В (t-Value) 
H4 669 —.100 (-3.25)* 
Ho 669 —.164 (-8.97)* 

669 .051 (2.01)* 
103 —.016 (—2 

103 172 (2.47)* 
103 -.051 (-.59) 
103 .050  (.94) 
103 .039  (.62) 
103 -.009 (-.14) 
103 023 (.30) 
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ities literature through a meta-analysis. Firm capability is a 
conceptually broad construct and therefore has been studied 
in various contexts and using multiple methods. By summa- 
rizing the research from multiple contexts and methods, we 
help assess the validity and robustness of the capability- 
performance relationship through triangulation (see Hall et 
al. 1993). Moreover, by using a mixed-effects model, the 
study provides a more accurate analysis of the factors that 
cause variance in the capability-performance relationship 
than would be possible with traditional multiple regression 
analysis. 


Limitations 


Before we assess the implications of these findings, note 
that this study may suffer from several limitations that are 
common to other meta-analyses. First, we could not include 
all available studies in the meta-analysis because our focus 
was limited to studies that examined capabilities at the firm 
or SBU level. Second, in selecting study characteristics that 
influence the capability-performance relationship, we were 
constrained to variables that could be coded from the infor- 
mation provided in the studies. In addition, we could 
include only capabilities for which the impact on perfor- 
mance was studied frequently enough. Furthermore, it is not 
feasible in the context of this study to determine whether 
the dynamic nature of the market affects the relative asso- 
ciation of different capabilities with performance. For 
example, operations capability might be relatively more 
important for performance in stable businesses than in 
dynamic businesses. These limitations provide guidelines 
for further research, which we discuss in greater detail 
subsequently. 


Managerial Implications 


Because capabilities play a dominant role in achieving a 
sustainable competitive advantage, managers would be 
expected to design strategy to leverage firm capabilities. 
The key finding in this study—that is, the significance of 
marketing capability in terms of its ability to influence per- 
formance more so than R&D and operations capabilities— 
supports Srivastava, Shervani, and Fahey's (1998, 1999) 
argument that marketing assets are vital for a firm that 
wants to augment its shareholder value. Our results are also 
consistent with the previously noted observation in the Wall 
Street Journal that earnings gain from cost cutting (opera- 
tions capability) has a lower impact on sustained perfor- 
mance than earnings gain from strategies that enhance reve- 
nue growth (Zuckerman and Hudson 2007). The results 
should also help address the concerns expressed in the busi- 
ness media about the value generated by the marketing 
function (e.g., O’ Halloran 2004). The superior performance 
impact of marketing capability underscores its ability to 
generate tangible benefits, such as effective customer acqui- 
sition and retention, by managing customer relationships 
and being more responsive to customer needs. Therefore, on 
the basis of the evidence from prior research, it may not be 
advisable to reduce investment in marketing capabilities. 
This result should also be of importance to senior manage- 
ment concerned with rapid turnover of chief marketing offi- 
cers (CMOs). The average CMO tenure in the top 100 
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brand companies is approximately 23.2 months, compared 
with 44.4 months for chief executive officers, 39.4 months 
for chief financial officers, and 36.4 months for chief infor- 
mation officers (Von Hoffman 2006). The rapid turnover 
among CMOs and the consequent frequent changes in mar- 
keting strategy could be detrimental to the cause of devel- 
oping strong marketing capabilities. As such, efforts should 
be focused on addressing the causes of CMO turnover in 
firms. 

Our results should not be interpreted to mean that 
operations capability and R&D capability are unimportant; 
rather, they should underscore the notion that marketing 
capability, which is often jointly formed with customers 
through relationships, is perhaps much less amenable to 
competitive imitation or substituted by other forms of 
competitive interference. Note also that both R&D capabil- 
ity and operations capability have strong, positive associa- 
tions with performance (.275 and .205, respectively). It 
might be the case that marketing capability is more of a 
"success-producing" capability whereas operations capabil- 
ity and R&D capability tend to be "failure prevention" 
capabilities (see Varadarajan 1985). In other words, 
although the efficiency gains from operations capability and 
new products are critical in ensuring that firms do not lag 
behind competitors, these capabilities essentially enable 
firms to keep rivals at bay. More sustainable competitive 
advantage could emerge from a success-producing capabil- 
ity, such as marketing capability. 

We also found that the capability-performance relation- 
ship is stronger for market performance than for efficiency 
performance. To provide additional insights into this issue, 
we examined the impact of different types of capabilities on 
market and efficiency performance measures through con- 
trast coding and HLMs in the same manner in which we 
conducted the original analysis. From the HLM, we find 
that marketing capability and R&D capability have stronger 
relationships to market performance than operations capa- 
bility (p « .05). An examination of the correlations also sup- 
ports this result. Marketing capability and R&D capability 
had weighted mean correlations of .355 and .315, respec- 
tively, with market performance, whereas operations capa- 
bility had a weighted mean correlation of .192 with market 
performance. The HLM results also demonstrate that opera- 
tions capability has a stronger effect on efficiency perfor- 
mance than on market performance (p « .05). The corre- 
sponding correlations for operations capability with 
efficiency performance and market performance are .274 
and .192, respectively. As such, it can be concluded that 
operations capability primarily drives efficiency outcomes. 

Overall, capabilities enable firms to reap greater relative 
advantage in market performance than efficiency perfor- 
mance. This might be a reflection of the notion that opera- 
tions capability, which leads to greater efficiency and flexi- 
bility, is more mobile through an external market than 
marketing capability. Therefore, although operations capa- 
bility might enhance efficiency performance, there is likely 
to be greater parity among competing firms on such gains, 
thus diminishing the ability to translate these gains into 
market performance. For example, efficiency gains that 
should result in a price advantage might be more easily 


copied than the differentiation advantage that emerges from 
marketing capability because of the greater imitability and 
mobility of the knowledge that drives operations capability. 


Research Implications 


Despite the progress in explaining the capability— 
performance relationship, several gaps in the understanding 
of organizational capabilities can be addressed by addi- 
tional empirical and theoretical research. We detail these 
research directions next. 


Complementary impact of different capabilities. The 
results show that marketing capability has a greater impact 
on performance than R&D capability and operations capa- 
bility. However, prior research has addressed the issue of 
firms developing multiple capabilities simultaneously and 
the complementary effects of these capabilities on perfor- 
mance. For example, Grewal and Slotegraaf (2007) show 
how developing multiple capabilities might be counterpro- 
ductive when these capabilities have opposing objectives 
(minimization versus maximization). Conversely, Moorman 
and Slotegraaf (1999) show that complementary capabilities 
help enhance performance. These results are not necessarily 
contradictory, because Grewal and Slotegraaf highlight a 
specific contingency in which multiple capabilities do not 
help. Thus, a case can be made for multiple, complementary 
capabilities in some situations and single, focused capabili- 
ties in other situations. However, in the context of a meta- 
analysis, we are constrained in our ability to address this 
issue in detail because of sparse data, and thus we encour- 
age additional research in this area. 


Context-based variation of the capability-performance 
relationship. In the meta-analysis, we examined the impact 
of several study characteristics on the capability- 
performance relationship. However, other contextual issues 
are of substantive importance but have not received suffi- 
cient attention in the literature. For example, Eisenhardt and 
Martin (2000) note that the nature of capabilities required to 
drive firm performance is likely to vary with the “velocity” 
or dynamism of the market. A direct test of this by Song 
and colleagues (2005) finds that the impact of marketing 
and technology capabilities on joint venture performance 


varies with technological turbulence. Therefore, it is essen- 
tial to examine directly whether market and technological 
turbulence influence the relative impact of different capabil- 
ities on performance. For example, operations capability 
might be relatively more significant in stable markets than 
in turbulent markets. This could be so because of the greater 
need for slack resources, the very antithesis of efficiency, 
for the rapid adaptation that is often required for success in 
turbulent markets. Furthermore, in a new product develop- 
ment context, R&D and marketing capabilities could be 
more important than operations capability. Although we do 
not have enough data to assess rigorously the value of dif- 
ferent capabilities in a new product context, an examination 
of the correlations for the studies in new product develop- 
ment shows that marketing and R&D capabilities have a 
stronger relationship to performance than operations capa- 
bility (.359, .343, and .279, respectively). As such, we 
encourage a direct, rigorous examination of the role of these 
capabilities in a new product development context. In addi- 
tion, the importance of more micro capabilities might vary 
on the basis of the market condition. For example, under 
what market conditions would pricing capability (Dutta, 
Zbaracki, and Bergen 2003) be more critical than customer- 
relating capability (Day 2000)? Research into marketing 
capability should emphasize these issues following in the 
tradition of prior research in this domain (e.g., Vorhies and 
Morgan 2005). 


Methodological issues. From a measurement perspec- 
tive, we find that studies that use subjective data provide 
higher correlations for capabilities with performance than 
studies based on objective data. Although this could be 
attributable to methods bias, it might also be the case that 
the proxy measures that are employed in objective data col- 
lection cannot get at the heart of measuring capabilities. 
The limitations of secondary data to provide face-valid 
measures might be especially pronounced when it comes to 
assessing more complex capabilities. Thus, an assessment 
of the metrics used to measure capabilities is required to 
shed more light on this issue. Researchers should be cog- 
nizant of these measurement-related issues when designing 
future studies to separate effects of capabilities from arti- 
facts of study design. 
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APPENDIX 
Examples of Coding of Different Types of Capabilities 








Capability Examples of Coding Capability Examples of Coding 
Marketing «Dynamic marketing capabilities (Caloghirou Operations eBusiness process capability (Roth and 
et al. 2004) Jackson 1995) 
«Marketing planning and Implementation «Competence in modular production 
capabllities (Vorhles and Morgan 2005) practices (Worren, Moore, and Cardona 
*Marketing proficlency (Кіт, Wong, and Eng 2002) 
2005) «Quality management capabllities (Escrig- 
*Trust-building capability (Saini and Johnson Tena and Bou-Llusar 2005) 
2005) *Production competence (Hitt and Ireland 
*Marketing intenslty of multinational 1985) 
enterprises (Kotabe, Srinivasan, and «Resource planning and operations 
Aulakh 2002) | capabilities (Banker et al. 2006) 
*Advertising intensity (Anand and Dellos 
2002 R&D *Innovativeness of patents (Dutta, 
Pricing and distribution capabilities (Zou, Narasimhan, and Вајіу 1999) 
Fang, and Zhao 2003) eStock of R&D capital (Неа! 1997) 
«Customer service capability (Moore and *R&D Intensity of multinational enterprises 
Fairhurst 2003) (Kotabe, Srinivasan, and Aulakh 2002) 
«Customer response capabllity «Technological innovativeness (Menguc and 
(Jayachandran, Hewett, and Kaufman Auh 2006) 
2004) «Technological area experience (Macher 
and Boerner 2006) 
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When Does Guanxi Matter? Issues of 
Capitalization and Its Dark Sides 


Guanxi refers to the durable social connections and networks a firm uses to exchange favors for organizational 
purposes. This study examines how and when guanxi operates as a governance mechanism that influences firm 
marketing competence and performance in the transitional economy of China. Drawing on social capital theory, the 
authors propose an integrative framework that unbundles the benefits and risks of guanxi and delineates the 
organizational processes to internalize guanxi as a corporate core competence. The authors surveyed senior 
executives in 282 firms in China's consumer products industries. The findings confirm guanxis direct effects on 
market performance and its indirect effects mediated through channel capability and responsive capability. The 
authors also confirm that technological turbulence and competition intensity can be effective structure-loosening 
forces, thus reducing the governance effects of guanxi. The findings suggest that firms can improve market access 
and growth through guanxi networks, but managers need to capitalize on them from the personal to the corporate 
level. In addition, managers should be aware of guanx’s dark sides, which Include reciprocal obligations and 
collective blindness. This study shows that personal networks are popular universally, but in China, they have 
unique, distinct ways of operation. 


Keywords: guanxi, personal connections, transitional economy, social capital theory, China market 


capitalize on its enormous market potential is to kets (Zhang, Cavusgil, and Roath 2003). In China, guanxi 
determine how to navigate within the confines of goes deeper as a governance mechanism; it is a direct out- 
China's powerful institutions (Child and Tse 2001; Davies growth of the Chinese collectivist culture (Hwang 1987; 
and Walters 2004). The institutions, including formal orga- Xin and Pearce 1996). For centuries, the need to maintain 
nizations (e.g., social, economic, and political bodies), and harmonious interpersonal relationships has created a system 
social norms and rules (North 1990; Scott 1995) are known of reciprocal exchange of gifts and favors that unites and 


A: unavoidable challenge for firms entering China to in supply chains (Wathne and Heide 2004) and export mar- 


to govern how individuals, firms, and governments behave. expands interpersonal ties among the Chinese people (Bond 
Studies across disciplines, including sociology, economics, 1991, 1996). Although guanxi is an aspect of daily life, it 
and management, have noted how these institutions foster also becomes an alternative mechanism when formal 


collusions among firms and between firms and local gov- mechanisms fail (Peng and Heath 1996). At the firm level, 
ernments to create regional economic warlords (Walder guanxi opens dialogues, builds trust, and facilitates 
1995) and network capitalists (Boisot and Child 1996), thus exchanges of favors for organizational purposes (Hoskisson 
twisting free product flows in the country. Within the firm, et al. 2000). It also enables firms to overcome institutional 
these institutions command the way internal firm resources barriers and instability in the face of regulatory changes 
are valued and allocated (Hoskisson et al. 2000); outside the (Luo 2003; Park and Luo 2001). The extant literature con- 
firm, these institutions define the complex firm-to-firm and firms that guanxi "dominate[s] business activities through- 
firm-to-government relationships in China's treacherous out China" (Lovett, Simmons, and Kali 1999, p. 231), 


and changing marketplace (Lau, Tse, and Zhou 2002). affecting firm performance across industries and regions. 
А common way to help firms circumvent institutional Within the emerging literature on guanxi, three issues are 

barriers is the use of guanxi, commonly conceptualized as relevant to marketing strategy in China's transitional 

interpersonal ties. Heide's (1994) seminal work on channel economy. 

governance delineates the various relationship governance The first issue centers on the relevance of guanxi to 

mechanisms and their operating processes. Recent studies market performance in China. Recent studies by Guthrie 


have confirmed the critical role of governance mechanisms (1998) and Law, Tse, and Zhou (2003) have noted guanxi's 
declining role in explaining firm performance in China. 
Their findings suggest that a firm's government ties, though 
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The second issue is related to how firms can capitalize 
on guanxi at the corporate level to influence performance. 
Firms in China are known to hire staff with strong guanxi 
(Xin and Pearce 1996), but if guanxi remains at the “raw,” 
*uninstitutionalized," and interpersonal level, firms will 
always be held hostage by staff with strong guanxi. As the 
staff leaves, interfirm or firm—government relationships 
may be at risk, an issue that is central to both foreign and 
local firms operating in China (Lovett, Simmons, and Kali 
1999; Tsang 1998). The strategic challenge lies in how 
managers can capitalize on guanxi to build core compe- 
tences that enable the firm to compete. 

The third issue is related to the dark side of guanxi— 
that is, its potential damaging effects on firm performance. 
Guanxi has been instrumental in helping firms navigate 
China's complex, institution-ridden terrain, but remaining 
inside the guanxi network demands that firms return the 
favors of or exchange favors with other firms (Luo 2003) 
and local governments (Walder 1995). Scholars have 
pointed out the potential negative consequences of guanxi, 
including personal indebtedness by executives (Van- 
honacker 2004), domino effects when firms within the 
guanxi network fail (Uzzi 1997), and collective blindness 
when the market environment changes (Wellman 1988). 
Although interpersonal obligations can be alleviated 
through compensations, domino effects and collective 
blindness affect a firm's future. If a firm's ability to react to 
market changes is compromised, it can have fatal conse- 
quences to firms in fast-changing markets (Moorman and 
Slotegraaf 1999). 

Our study draws on social capital theory (e.g., Adler and 
Kwon 2002; Burt 1997; Nahapiet and Ghoshal 1998) to 
delineate the information, trust, and control benefits of 
interpersonal ties and to postulate that guanxi operates as a 
salient governance mechanism that affects firm market per- 
formance in China. We empirically test the links between 
guanxi and both corporate channel capability and respon- 
sive capability to understand how firms can best capitalize 
on guanxi to enhance competitive competences. We also 
examine the moderating effects of market uncertainty and 
technological turbulence to assess the potential dark sides 
of guanxi when the corporate environment changes. In 
short, our study addresses the following questions: (1) Does 
guanxi still matter? (2) How does guanxi affect firm perfor- 
mance? and (3) When does guanxi exhibit negative impacts? 

We test our hypotheses using a survey of senior execu- 
tives in 282 strategic business units (SBUs) across 48 cate- 
gories of consumer products in China. Compared with other 
industries, such as mining, utility, finance, high-tech, and 
public services, China's consumer products industries are 
more open to foreign firms and are regarded as the coun- 
try's least regulated markets. Thus, our study assesses the 
salience of guanxi in a relatively conservative context. 


Conceptual Framework and 
Hypotheses 


Why Guanxl Matters 
The significance of social connections in affecting interfirm 
exchange has long been recognized in the relationship mar- 


keting literature. Seminal work by Heide and John (1992) 
and Morgan and Hunt (1994) highlights the salience of 
social norms and trust in governing interfirm market 
exchange. The relational exchange paradigm suggests that 
by using norms, trust, and other governance systems 
(Wathne and Heide 2004), firms can foster interfirm coop- 
eration, commitments, and loyalty to weather environmen- 
tal uncertainties (Zhang, Cavusgil, and Roath 2003). This 
paradigm, founded in the context of an individualist culture 
with established legal and professional institutions, has 
been the central tenet underlying much of marketing chan- 
nel and supply chain research over the past decade. 

In contrast, scholars in sociology (Walder 1995), psy- 
chology (Bond 1996), economics (Scott 1995), and man- 
agement (Luo 2003) note variances in systems of relational 
exchange across cultures and use guanxi to refer to a par- 
ticular form of Chinese social governance mechanism. 
Table 1 summarizes guanxi's unique features and its differ- 
ences from current thoughts on social exchange in terms of 
the construct's origin, operating mechanism, and effects. 
Guanxi originates from a collectivist society in which inter- 
personal harmony is an important terminal value (Yang 
1994) and the relational core is paternal (Fukuyama 1995). 
A child born into a specific paternal guanxi network whose 
members give him or her favors is obliged to reciprocate 
them in the future. The guanxi network that is instrumental 
in the daily lives of the Chinese people (Gold, Guthrie, and 
Wank 2002) has since evolved into a core feature of their 
daily operating system (Lindsay and Dempsey 1983). 
Indeed, as a source of social capital (Burt 1997) that indi- 
viduals and entrepreneurs draw on when formal institutions 
and resources are unavailable, guanxi has also become a 
salient governance structure in China's business community 
(Xin and Pearce 1996). 

To appreciate the uniqueness of guanxi, it is necessary 
to recognize that in countries that follow individualist cul- 
tural orientations, social networks are often formed by vol- 
untary associates who have complementary skills and qual- 
ifications (Fukuyama 1995) that enable them to bond and 
help one another. Voluntary associates tend to consider 
alternative partners at the outset and to assess the partner- 
ship's cost-benefits and potential disengagement thereafter 
(Dwyer, Schurr, and Oh 1987). Thus, relational exchange in 
an individualist context involves conscious social account- 
ing aimed at maintaining a fair and even relationship. In 
contrast, guanxi is a bounded solidarity aimed at deepening 
relationships over time (Yang 1994). 


Guanxl as a Governance Structure in Chlna and 
Other Collectivist Cultures 


Guanxi's distinguishing features can be delineated by social 
capital theory (e.g., Adler and Kwon 2002; Burt 1997; 
Portes 1998). Social capital is the resource that arises from 
strong community ties, and it exists in cultures that treasure 
such ties (Putnam 2000). Portes and Landolt (1996) note that 
Jewish diamond merchants in New York would lend sacks of 
jewels to one another for examination without signing any 
paper. The ability to conduct expeditious exchanges while 
saving legal fees is a result of a tight social circle, in which 
misdeeds would render a person cut off from the community. 
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TABLE 1 


'Contrasting Relational Exchange and Guanxi Network 





As a Construct 
Nature of construct 


Cultural context 


Operating rules 
(i.e., norms) 


Initial formation 
Growth and extenslon 
Operating mechanism 


and processes 


Soclal capital 
(source of) 


As corporate resource 


Relational Exchange (According to 
Relatlonshlp Literature) 


Social networks that an individual builds 


individualist 
eWith legal and professional institutions 
well established 


Conscious social accounting involving 
cost-benefit analysis and consideration of 
alternatives before acting 


Mostly by individuals through thelr social 
behaviors and activities 


Mostly through increasing social activities of 
the Individual 


Trust and social norms that drive cooperation 
and commitment 


*Voluntary association of individuals or firms 
with complementary skills 

*Loosely organized (Fukuyama 1995) 
«Infrequently done, exceptional 


Seldom used 


Guanxi Network 


A form of social ties and connectiveness 
popular In Chinese culture 


*Collectivist-familistlc (Fukuyama 1995) 
•Ратпу bonds above all other social bonds and 
loyalties | 


An In-group approach that views an individual 
as part of a web of soclal relationships, strong 
In-group favoritism 


Paternal in nature, born in family and villages 
Through increased soclal activities and network 
growth, expandable by transfers 


Favoritism and reciprocity that drive 
commitment and loyalty 


Kinship and variants 
eTight social tles 
Often done, becomes a norm 


Important resource for entrepreneurs and firms 
that do not have other resources 





As Governance 
Structure 


Relational benefits 


Shared values in 
network 
Maintenance process 


Daily use 


Antecedents 


Positive effects 


Negative effects 


Transferabllity and 
duration 


Relational Exchange 


Few and weak, typically stay at the 
interpersonal level 


Some common values but often not enforced to 
converge 


elnterflrm agreements and contracts 
«Belng fair and even 


Occasional 


Interdependency, the ability to provide others 
with reward and obtain profits in return 


Sustain commitment through trust and norms 
In uncertaln environment 

¢Fairness and openness to build strong 
relational commitment ' 


eUncertalnty because of open competition 
«Costs of disengagement 

Limited transferability 

*Heavily dependent on the Identity of each 


party 
*Сап withdraw/dlsengage 


Guanxi Network 


Can be strong because it obliges all in the 
network to help, can be transformed to 
corporate level 


Strong, at times may be enforced to converge 


*Reciprocity, indebtedness, and gift giving 
Deepen through accumulated obligations 


Frequent and in many facets of Не 


Bounded solidarity; ties based on: 
eAscribed traits (kinship, native place) 
eAchieved charactenstics (e.g., same school) 
Shared experience (long March) 


*Respect/face (prestige, status) 

*Privileged access to Information and resources 
(accomplish tasks) 

eSustaln In uncertain environment 


*Bribery, corruption 
Obstacle to the rule of law 
•Омегдерепдепсе, domino effects 


*Organic process, transferable 


Bounded solldarity 
*Can pass from generation to generation 
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Social capital draws its resources from different core 
social relationships. People in collectivist cultures, such as 
China, Italy, Israel, and South Korea, draw on family and 
kinship ties as important social resources. This is also true 
in Latin cultures in which family ties constitute an impor- 
tant social resource. In short, guanxi in China has its coun- 
terparts in other collectivist cultures, but the way it operates 
in China is unique. 

Guanxi in China is shaped by both its collectivist cul- 
tural norm and a value system that favors durable kinship 
ties over all other social ties. Japan, which is also a collec- 
tivist culture, differs from family-centric societies in that it 
developed centuries ago the institutionalization of nonkin 
social relationships (e.g., formal adoption of nonkin as 
household and organizational leader), which accumulates 
social capital in intermediate organizations, such as a cor- 
poration managed by professionals with no biological ties 
to the founder or owner. Thus, Japanese culture emphasizes 
social.clan (corporate) loyalty over family loyalty. The 
Keiretsu, a privileged elite circle (Boisot and Child 1996), 
allows nominally separate organizations to share capital, 
technology, and personnel in ways that are not open to firms 
outside the network (Fukuyama 1995). 

Over time, guanxi in China has evolved into a powerful 
governance structure with unique expansion rules, operat- 
ing mechanisms, and impacts on firm behavior. Ascribed 
traits, achieved characteristics, and shared experiences 
(Gold, Guthrie, and Wank 2002) provide the natural bases 
for guanxi to expand. Guanxi can also be created through 
interpersonal transfers of trust and relational ties (Peng and 
Luo 2000). When Person A introduces Person B to Person 
C, Person A is transferring trust and relational ties to 
"endorse" the relationship between Person B and Person C. 
In so doing, guanxi expands into a rich pool of shared ties 
and obligations (Chang and Holt 1991), a process especially 
useful to individuals and firms lacking natural ties with a 
diversity of partners. This is in contrast to relational 
exchanges that are often not easily transferable. 

The exchange of gifts and favors that is formalized to 
reflect a continuum of differential social ties in Chinese cul- 
ture (Joy 2001) is of great importance in maintaining 
guanxi. Yang (1994) notes that from early childhood, most 
Chinese recognize the importance of and master the art of 
forming harmonious sociorelational networks by exchang- 
ing gifts and favors. Bond (1991, 1996) and Hwang (1987) 
point out that guanxi is maintained because receivers are 
obliged to return favors as a result of an implicit reciprocity 
norm. Powered also by the need to "save face" (Bond 1991; 
Hwang 1987), the receiver is "required" to pay back a 
favor; thus, an interlocking and mutually obligating rela- 
tionship is formed over time. Note also that in more marke- 
tized regions of China, such as Hong Kong and Taiwan, in 
which other formal institutions for exchanges are present 
and efficiently maintained, the salience of guanxi is less fre- 
quently noted. 


Relational Exchange (and Personal Favors) 
Across Cultures 


As we delineate the uniqueness of guanxi in China, we note 
that personal favors (a core mechanism for guanxi to oper- 


ate) exist in most cultures. Indeed, the term “old boys’ net- 
work" implies that interpersonal networks of trust and 
friendship are salient and popular in many cultures. Exist- 
ing literature points out that in most Western cultures, rela- 
tional exchanges are typically weak, infrequently used, and 
involve no strong common values, whereas guanxi in China 
is frequently practiced and, at times, evokes shared values 
(Lovett et al. 1999; Vanhonacker 2004). As Table 1 summa- 
rizes, this article postulates that guanxi is a country-specific 
form of relational exchange that is shaped by China’s insti- 
tutions. In short, whereas the salience and rules of relational 
exchange apply across all cultures, the lack of other balanc- 
ing institutions and governance mechanisms in China has 
allowed guanxi to evolve into the unique form that scholars 
have uncovered. Indeed, relational exchange and its princi- 
pal rules are universal in nature, but its dominance and 
operating rules in China makes the effects of guanxi glob- 
ally distinct. 


Guanxi as a Corporate Resource and Capital In 
China 


Most of China's business infrastructures and related institu- 
tions are inefficient. Thus, guanxi is often transferred from 
the individual level to the corporate level to facilitate inter- 
firm exchanges (Peng and Heath 1996). This transfer can 
occur in two ways. The first is through the concept of the 
extended self (Bond 1996). In the Chinese value system, a 
person's possessions and works are viewed as part of his or 
her extended representations that others are "obliged" to 
treat with respect. Thus, if Person A approaches Person B, 
with whom he or she has interpersonal ties, for a favor in a 
business exchange, Person B is obliged to treat the 
exchange the same way he or she would treat Person A. 
Otherwise, Person A may feel disrespect or loss of “face.” 
This process bundles interpersonal guanxi with corporate 
guanxi. 

This process also operates in the opposite direction. Per- 
son А can pay off his or her personal obligation to Person B 
by giving favoritism to a business exchange Person B is 
involved in, such as helping Person B's firm to a better deal 
or providing timely information. By doing so, corporate 
exchange (and favoritism) is personalized, a process that is 
outlawed in most developed economies, including Hong 
Kong. Because these processes cross over personal and cor- 
porate boundaries, labeled as "boundary blurring" (Peng 
and Heath 1996), managers could use interpersonal net- 
works to create a pattern of corporate obligations that 
enables firms to gain broader access to needed resources or 
protection that may be unavailable otherwise. 

Guanxi provides an alternative mechanism that enables 
firms to bypass institutional hurdles (Boisot and Child 
1996). Xin and Pearce (1996) regard guanxi as "institu- 
tional substitutes" when institutions are weak or nonexistent 
in China. Using resource-based theory (Barney 1991), man- 
agement researchers argue that guanxi is a firm resource 
that can be deployed to enhance firm competitive advan- 
tages and performance (Luo 1997; Peng and Heath 1996; 
Peng and Luo 2000). Ап emerging body of ideas conceptu- 
alizes how guanxi operates and takes effect at the corporate 
level. Boisot and Child (1996) argue that through guanxi, 
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entrepreneurs and managers form a network of kinship 
elites (fiefs) and capitalists (clans). By colluding with local 
governments, firms become regional economic powers and 
warlords (Walder 1995). However, guanxi is a potential 
double-edged sword. The network of obligations functions 
as a corporate liability (Vanhonacker 2004) because it can 
drag managers and firms into misconduct and disasters 
(Vaughan 1999). We extend these works and postulate a 
multifaceted model of how guanxi operates to affect market 
performance in China (see Figure 1). The model describes 
guanxi's direct impacts, its indirect influences through firm 
capabilities, and its effects moderated by market forces. 


Does Guanxi Still Matter? Direct Effects of Guanxl 
on Brand Market Performance 


Because of its salient role in enhancing resource accessibil- 
ity in business operations, firms cultivate guanxi and solicit 
it from their staff. This form of interfirm exchange is espe- 
cially important to firms with poor asset endowments, and 
endowment and ownership rights dictate to a large extent 
the availability of resources for firms in China (Xin and 
Pearce 1996). It is:much easier for state-owned enterprises 
(SOEs) to secure capital because they are favored by banks 
that are mostly state owned—that is, until recently. Thus, 
guanxi with SOE managers may open up opportunities for 
financial resources. Collective-owned enterprises, often 


jointly owned by local governments and individuals, enjoy 
greater protection and more favorable tax rates (Lau, Tse, 
and Zhou 2002). Partnering with these firms provides a crit- 
ical strategic move that gains embeddedness into local and 
regional markets (Granovetter 1985). Guanxi with govern- 
ment officials enables firms to understand the rules of the 
game better and, thus, to achieve an advantageous position, 
for example, in obtaining land, licenses, and distribution 
channels (Child and Tse 2001). Managers often get past 
their problems by calling on interpersonal favors. Thus, 
guanxi with external entities serves as a firm's "convertible" 
assets (Coleman 1988) that affect firm performance. 

Gold, Guthrie, and Wank (2002) note that China's 
recent reforms have helped develop efficient business infra- 
structures that fundamentally change the role of guanxi in 
firm operations. However, given the deep cultural roots of 
guanxi, despite changing influences, guanxi's impact 
remains salient. Our study centers on guanxi's effect on 
how consumer product brands perform (sales growth and 
market share) in China. As is noted in seminal works, chan- 
nel access is of pivotal significance to these products (Fra- 
zier 1983; Heide and John 1992). Given China's complex, 
multilevel distribution systems and inefficient logistics, we 
hypothesize the following: 

Н): A firm's guanxi network has a positive effect on its brand 

market performance. 


FIGURE 1 
Conceptual Model of How and When Guanxi Affects Brand Market Performance 
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How Guanxi Can Be Capitalized: Corporate 
Channel and Responsive Сара Ну 


After firms cultivate effective guanxi networks, capitalizing 
on guanxi to build competences at the corporate level is the 
next challenge. Boundary blurring, in which a manager is 
considered “the firm" as well as an individual, elevates per- 
sonal guanxi to the level of a corporate resource. We postu- 
late that when properly managed, a successful firm can 
incorporate its staff’s guanxi resources to benefit its channel 
and improve its responsive capabilities (Moorman and 
Slotegraaf 1999), which is known to affect a brand's market 
growth and share performance in today's network economy 
(Frazier 1983; Wathne and Heide 2004). 

Corporate channel capability refers to a firm's ability to 
manage its channel to ensure that its products are delivered 
to its target markets efficiently (Heide and John 1992). 
Because China's fragmented local markets are intercon- 
nected by ineffective logistic systems and ill-coordinated 
infrastructures, having strong channel capability constitutes 
a core competitive advantage for a firm (Ambler, Styles, 
and Wang 1999; Davies and Walters 2004). 

Corporate responsive capability refers to a firm's ability 
to scan and respond effectively to market changes. Extant 
literature in marketing and strategy suggests that responsive 
capability is a key competence in markets in which environ- 
mental uncertainties are high, a feature that is typical of 
transitional economies, such as China (Hoskisson et al. 
2000). In addition, industrywide reforms in China are both 
necessary and frequent. Thus, a firm's ability to decode and 
navigate tbrough such changes is invaluable to its success 
(Child and Tse 2001; Lau, Tse, and Zhou 2002). Social net- 
work theory, a subbranch of social capital theory, identifies 
trust, information, and control as the three core benefits 
derived from social connections (Adler and Kwon 2002; 
Nahapiet and Ghoshal 1998; Uzzi 1997). In the context of 
our study, they constitute the benefits of guanxi networks 
that enhance firm channel capabilities and responsive capa- 
bilities in ways we discuss next. | 


Guanxi Enhances Firm Channel Capabllity 


Through the accumulation of trust, guanxi helps nurture 
goodwill and cooperative norms among partners in a chan- 
nel system (Doney and Cannon 1997). These shared values 
and norms are critical ingredients that offer a platform for 
channel partners to work together to expand their markets 
(Heide and John 1992). This is especially true with distribu- 
tion channels in China’s fast-growing consumer markets. 
Mutual trust in channel members’ reliability and integrity, 
when verified and reinforced over time, encourages collab- 
oration (Dwyer, Schurr, and Oh 1987). Channel members 
also help firms resist environmental threats because channel 
partners bonded in a guanxi network would assume sacri- 
fice in anticipation of reciprocal rewards when the threats 
subside (Zhang, Cavusgil, and Roath 2003). In short, 
guanxi reduces transactional costs and suppresses oppor- 
tunistic behaviors that are typical problem areas in interfirm 
relationships (Doney and Cannon 1997). 

Guanxi also enhances channel capability through its 
intrinsic control benefit. Given the complex web of favors 
and obligations, control benefits of guanxi operate at both 


the firm and the individual levels. At the corporate level, 
China’s SOEs and local-government-owned enterprises are 
known to first “cooperate” with their likes before working 
with others (Boisot and Child 1996). The shared organiza- 
tional culture and operating procedures enable them to be 
more effectively monitored, leading to effective channel 
governance. This also makes interfirm transfer of favors 
easier. 

At the individual level, guanxi’s control benefits are 
also strong. Vanhonacker (2004) notes that some managers 
are more effective than others because they have built up a 
set of obligations with other managers, and they can get 
things done by using people who “owe” them. Brand man- 
agers in China cultivate guanxi among managers of a chan- 
nel system and among government officials (Park and Luo 
2001) to accumulate obligations from others. The managers 
have increased control over guanxi partners’ attitudes, deci- 
sions, and behaviors because of a surplus of obligations. 
Through mutual obligations and reciprocal favors, corporate 
channel capability is strengthened with better controls. In 
summary, we expect the inherent benefits of guanxi to 
affect firms’ brand market performance positively through 
improved channel capability. 


Н,,: A firm's guanxi network has a positive effect on its chan- 
nel capability. 

Hoy: A firm's channel capability is positively related to its 
brand market performance. 


Guanxi Enhances Firm Responsive Capability 


Guanxi also enhances firm responsive capability through its 
information and control benefits. There are two types of 
information benefits: information access and information 
decoding. First, connections to a guanxi network enable 
firms to gain access to more diverse information sources 
and, often, high-quality information on time and at lower 
costs (Burt 1997; Coleman 1988). From the transaction cost 
perspective, as guanxi partners exchange information for 
mutual benefits, they effectively lower their information 
search costs (Williamson 1975). The informational advan- 
tages in diversity, quality, and timeliness are crucial because 
they help build firm readiness to reduce firm vulnerability 
against environmental threats. 

Second, as the Chinese government continues to allevi- 
ate industry and business operating restraints, it is 
extremely critical for firms to be able to decode the dissem- 
inated information correctly (Peng and Heath 1996). For 
foreign firms, ambiguity of information may be related to 
the high-context culture of China (Hall 1959); as Boisot and 
Child (1996) note, however, much of the Chinese govern- 
ment’s disseminated information remains at an uncodified 
level, leading to potential confusion. In this regard, firms in 
guanxi networks are able to decode information regarding 
the country’s changing profile, its market characteristics, 
and government policy intents with help from government 
officials within the network. 

Guanxi networks provide members with control benefits 
or, more precisely, the ability to anticipate and prepare for 
changes (Zhang, Cavusgil, and Roath 2003). On the basis of 
ethnographic fieldwork with 23 entrepreneurial firms, Uzzi 
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(1997) finds that firms in a guanxi network are able to call 
on partners to make real-time changes to capitalize on 
major environmental shifts. These joint actions and collabo- 
rative norms (Heide and John 1992) equip firms with 
greater control over uncertainties. In line with the agency 
theory perspective, greater control that develops from better 
alignment between individual firms in a guanxi network 
(Bergen, Dutta, and Walker 1992) will significantly enhance 
a firm's responsive capability and, in turn, its market perfor- 
mance. Consistent with this argument, existing research 
indicates that in a "managed" economy, such as China, 
guanxi networks provide a pragmatic response to regulatory 
distortion and information asymmetry (Buckley and Casson 
1988). By engaging in preferential, reciprocal, and highly 
personalized guanxi networks, managers gain valuable 
information about the environment, including policy 
changes and industry reforms, to respond in a timely and 
effective manner. We propose that guanxi drives market per- 
formance through indirect routes, such as corporate respon- 
sive capability. Thus, we hypothesize the following: 


H3,: A firm's guanxi network has a positive effect on its 
responsive capability. 

Hay: A firm's responsive capability is positively related to its 
brand market performance. 


When Guanxi Hurts: Moderating Holes of Market 
Forces 


In every society, resources, capabilities, or systems of 
actions inevitably generate secondary consequences that 
may run counter to their objectives (Merton 1936; Vaughan 
1999). Purposive actions may impede changes or prove to 
be a liability in light of environmental dynamics (Jap and 
Anderson 2003). Guanxi, a governance system that depends 
on the institutional structure of a society, also creates liabil- 
ities that become salient under certain conditions. At times, 
the negative bundles of guanxi may offset its benefits for 
the people and firms involved. 

Among the negative bundles of guanxi, two aspects 
have been noted. First, the ties that bind may turn into the 
ties that blind. А strong guanxi network may create over- 
embeddedness that reduces the flow of new ideas into the 
network (Gargiulo and Benassi 1997) and limits the open- 
ness to alternative ways of doing things (Nahapiet and 
Ghoshal 1998). In this way, guanxi may produce collective 
blindness to the firm within the network. Second, guanxi 
may overload a firm with obligations to its network mem- 
bers. As Uzzi (1997, p. 59) notes, "feelings of obligation 
and friendship may be so great between transactors that a 
firm becomes a ‘relief organization’ for other firms in the 
network." This state of obligation may cause guanxi to be 
cost inefficient. Given the dark side of guanxi, an environ- 
mental contingency perspective is required to assess the 
boundary conditions for its effects (Guthrie 1998; Lovett, 
Simmons, and Kali 1999). 

In this study, we use competitive intensity and techno- 
logical turbulence to capture the forces that change institu- 
tions in China. As the country undergoes reform and marke- 
tization, these two forces characterize the processes by 
which powerful connections in the past would decrease in 
value. Indeed, these market forces are regarded as 
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“structure-loosening” changes (Wellman 1988) in the power 
institutions in China, shaking the very core of guanxi 
networks. 

Competitive intensity refers to the degree to which a 
firm faces competition within its industry. Intense competi- 
tion is characterized by fierce price wars, heavy advertising, 
diverse product alternatives, and more players in the market 
(Porter 1991). Faced with the imperative to differentiate 
their products, firms seek to achieve dynamic strategic fit 
by meeting a variety of customer needs (Davies and Walters 
2004). For firms operating in highly competitive markets, 
survival rests in the ability to maintain sales at a profitable 
level. However, this financial interest may cause friction 
and conflicts in a relationship, especially for firms within 
the same value chain. Disagreements and priority for sur- 
vival may undermine mutual commitments and discontinue 
support to other network members (Skarmeas, Katsikeas, 
and Schlegelmilch 2002). 

Competitive intensity often fosters alternative ways to 
obtain similar resources. As alternative sources become 
available, a firm’s dependence on guanxi partners declines. 
Hung, Gu, and Tse (2005) note that consumer product firms 
do not rely on or commit to the same agency as more and 
more advertising agencies enter China. These changing cor- 
porate attitudes reflect the loosening of guanxi networks. 
Former powerful firms may stand to lose their network 
benefits, whereas less resourceful firms may gain as compe- 
tition intensifies in China (Madhavan, Koka, and Prescott 
1998; Wellman 1988). In short, collective blindness and 
increased obligation created by unwarranted reliance on 
guanxi become detrimental under highly competitive 
circumstances. 

H4: Competitive intensity dampens the positive effect of 

guanxi on a firm’s brand market performance. 


Technological turbulence refers to the rate of technolog- 
ical advancement in an industry, and it runs counter to the 
need to maintain long-term relationships with members in a 
guanxi network. Thus, in an industry undergoing rapid tech- 
nological changes, firms with newer technology and greater 
productivity will likely emerge and challenge existing 
guanxi (Lovett, Simmons, and Kali 1999). By dealing only 
with existing members, a firm may deprive itself of more 
capable and efficient partner firms. As Yang (1994) 
observes, guanxi’s inward-looking system is relatively slow 
in accepting new members because it takes time to form 
strong particularistic ties. 

The hesitation and inertia for managers to work with 
new entrants can potentially lead to the loss of competitive 
positions as they lose their technological edge. As an impor- 
tant structure-loosening force powered by accelerating 
globalization, technological changes reallocate opportuni- 
ties, shift industrial standing, and redistribute power in the 
industries and among members in a network (Madhavan, 
Koka, and Prescott 1998; Wellman 1988). In intense tech- 
nological changing markets, it becomes increasingly ineffi- 
cient or even misleading to rely on old friends to get things 
done. Thus, we hypothesize the following: 


Н;: Technological turbulence dampens the positive effect of 
guanxi on a firm’s brand market performance. 


Other Effects 


We also include in our model several variables that have 
been consistently identified as affecting firm capability- 
building processes and market performance in China. Tech- 
nology and management skills (Park and Luo 2001) refer to 
perceived corporate strength in developing and using 
advanced technologies and managerial competence in lead- 
ing and motivating employees, respectively. Customer 
orientation reflects a firm's emphasis on understanding the 
target customers to create superior value for them continu- 
ously (Narver and Slater 1990). We also include firm demo- 
graphics, such as size, age, ownership, and industry, to 
account for their effects on firm capabilities and market 
performance. 


Method 


Sampling and Data Collection 


The unit of analysis in our study is a firm's individual 
brands in different consumer products industries. In China, 
this is the closest analogy to an SBU in a developed econ- 
omy. Typically, the brand unit is responsible for formulating 
and implementing the brand's marketing and sales strategy 
plan and managing brand sales. The key informant in our 
study is the senior manager (e.g., marketing director, gen- 
eral manager, regional brand manager) directly involved 
with the strategic and tactical operations of the brand. 

In line with our research objectives, our sampling frame 
consists of 48 consumer products industries, including 
home appliances, beverages, snacks, cosmetics, apparel, 
cigarettes/liquors, cleaning products, automobiles, and per- 
sonal computers. The senior managers in these industries 
would likely develop guanxi networks as a resource to 
facilitate market entry and expansion, and they would be 
able to assess guanxi's role and contribution to the brand. 

Local research contacts are key means of obtaining reli- 
able and valid information in an emerging economy 
(Hoskisson et al. 2000). By Chinese law, all nonlocal 
people/firms are not allowed to conduct surveys themselves. 
Thus, our data were collected by a national marketing 
research firm that has a long-standing reputation in market- 
ing research services and owns branches and affiliates in 
China's key cities. The data collection was conducted in 
three stages. In the first stage, in-depth interviews were con- 
ducted with 20 brand managers who work directly on mar- 
ket expansion in China. The interviews provided insights 
into the nature of guanxi between managers and their part- 
ner firms in the channel. 

In the second stage, respondents were identified through 
a multistage sampling procedure. First, a sampling frame 
was acquired from the China Marketing and Media Study, a 
well-recognized brand share report published by the Sino- 
Monitor International Company. Second, brands were 
selected using a stratified random sampling technique. 
Brands in each product category were divided into two 
groups: leading brands (top 10 brands of the category) and 
nonleading brands (the next 20 brands of the category). 
From each group in each product category, at least 3 brands 
were selected at random to avoid potential biases due to 


overreliance on successful brands, as is known to exist in 
typical firm surveys. In total, we sampled 150 brands from 
the first group and 250 brands from the second group in our 
survey. 

In the third stage, one senior manager and two midlevel 
managers of each brand unit were contacted for personal 
interview. All respondents were informed in advance of the 
confidentiality of their responses, and an enclosed letter 
explained the academic purpose of the project. Each 
respondent was rewarded a gift (valued at US$25) and was 
promised a copy of the survey report. Among those con- 
tacted, 22% did not complete the interview for two main 
reasons: busy travel plans and time clashes. We assessed 
nonresponse bias by comparing brand units that completed 
the interview and those that did not in terms of annual sales, 
number of employees, and types of ownership (Armstrong 
and Overton 1977). No significant differences were found. 

A total of 312 brand unit surveys, each with responses 
from one senior and two midlevel marketing managers, ' 
were completed and returned. After screening and deleting 
missing data and outliers, we retained 282 usable surveys. 
Of these, we compared the senior managers' responses with 
the averaged responses from the two midlevel managers in 
each brand unit. We found no significant differences in their 
perceptions of key constructs: guanxi (p = .245), channel 
capability (p — .367), responsive capability (p — .910), 
competitive intensity (p — .636), and technological turbu- 
lence (p = .442). The multi-informant approach suggests 
that response biases, including common method bias, if 
they exist, are not strong. Thus, we concluded that the 
senior managers had taken organizational perspectives and 
faithfully reflected organizational resources, capabilities, 
and the surrounding environment. We retained the senior 
managers' responses for further analysis. In total, we 
received an effective response rate of 70.596 (282/400), 
demonstrating high data collection efficiency. Of the 282 
brand units, 122 came from a leading brand group (43.796), 
and 160 came from a nonleading brand group (56.396), 
showing a balanced mix of performance. Firm size also 
showed a wide variety: 19.6% of the firms had fewer than 
200 employees, 42.1% had 200-1000, 26.6% had 
1000—5000, and 11.7% had more than 5000 employees. 
Ownership types included SOEs (29.7%), stock companies 
(23.3%), and joint-venture firms (47.7%), representing a 
fair diversity of firm ownership. 


Measures 


In the literature review, we identified measurement scales 
and modified them to suit the research purpose of our study. 
We supplemented the modified scales with interviews with 
senior managers involved in marketing activities. All the 
measures were professionally translated and back translated 
to ensure conceptual equivalence. All the scales ranged 
from “strongly disagree” (1) to “strongly agree” (7), unless 
indicated otherwise (see Table 2). 

We integrated items from multiple sources to grasp the 
key dimensions of guanxi. The core concept underlying 
guanxi is the personalized relationships with important 
people (Davies et al. 1995; Xin and Pearce 1996; Yang 
1994), which are fostered by information asymmetry, 
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TABLE 2 
Scale Description and Measurement Model Results 





у Standardized 
Measures Loading 
Model 1: y2 = 153.67, d.f. = 80, x?/d.f. = 1.92, p < .01; GFI = .94; АСЕ! = .90; CFI = .94; IFI = .95; 
and RMSEA = .057 
Guanxi 
1. Our senior management has personal relationships wrth important people. .74* 
2. Our senior management Is able to obtain valuable and important Information. .81* 
3. Our senior management Is able to obtain government approvals. .85* 
4. Our senior management Is able to obtain resources like land and electricity from local authorities. ‚77* 
5. Our senior management Is able to obtain financing or list stocks. .80* 
Channel Сара ћу 
1. Our brand owns effectlve distribution channels. .60* 
2. Compared with our top three competitors, our speed of distributing new products. .61* 
Responsive Сара Ну 
1. We are able to respond properly to market changes. .57* 
2. We are able to sustain advantage during industry changes. .87* 
Competitive intensity 
1. There are too many similar products in market; it is very difficult to differentiate our brand. .63* 
2. This market is too competitive; price wars often occur. .66* 
Technological Turbulence 
Over the past five years, we see that In the Industry where our brand operates 
1. The diversity in production technology has dramatically Increased. .51* 
2. The leading foreign firms have introduced their state-of-the-art products Into China at the same 
time as their home market. .50* 
With China entering WTO, the impacts on the industry where our brand operates include 
3. More new product ideas. .72* 
4. More new opportunites. | .51* 
Model 2: 72 = 126.39, d.f. = 56, y2/d.f. = 2.26, р < .01; GFI = .94; AGF! = .90; CFI = .96; IFI = .96; 
and RMSEA = .067 
Technology Skills 
1. We are able to use complicated technology to develop new products. .62* 
2. Our products provide many technological advantages. .76* 
3. We actively engage in developing new products. .54* 
Management Skills 
1. Our managers effectively lead and motivate employees. .86* 
2. Our managers have strong communication skills. .84* 
3. Our managers encourage team work, group decision-making, and internal communications. .88* 
4. Our managers are capable of solving internal conflicts. .80* 
Customer Orientation 
1. Our competitive advantage is built on the understanding of customer needs. .61* 
2. We are committed to creating greater value for our customers. .68* 
3. We constantly measure customer satisfaction. .53* 
Sales Growth^ 
1. Compared with our top three competitors, our sales growth in the past two years Is.... .98* 
2. Compared with our top three competitors, our sales growth in the past five years Is.... .88* 
Market Share? 
Compared with our top three competitors, our market share is.... E 
*p < .001. 


аНог is measured on a scale ranging. from "extremely infenor" to "extremely superior” 
Notes. GFI = goodness-of-fit index, АСЕ] = adjusted goodness-of-fit index, CFI = comparative fit index, IFI = incremental fit index, and 
RMSEA = root mean square error of approximation. 
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required in conditions of entry barrier (Keep, Hollander, 
and Dickinson 1998), and used to obtain different types of 
resources (Peng and Luo 2000; Xin and Pearce 1996). We 
confirmed these academic insights into the nature of guanxi 
during in-depth interviews with managers who practiced 
guanxi extensively in their task environment. 

Channel capability refers to firm competitiveness in dis- 
tributing products to different markets. It is a measure of the 
efficacy and efficiency of the firm's distribution channels. 
We developed the scale from manager interviews and refer- 
enced China Hand, a professional publication prepared by 
the Economist Intelligence Unit (2004) on China. The scale 
items highlight the degree to which firms own effective dis- 
tribution channels and their comparative efficiency in dis- 
tributing new products in China. Responsive capability 
refers to the speed of response by firms in fast-moving mar- 
kets (Nayyar and Bantel 1994). In our study, it refers to a 
firm's efficiency in properly responding to two types of 
changes: changes in the industry and changes in the market. 

We measured competitive intensity and technological 
turbulence using scales adapted from the work of Jaworski 
and Kohli (1993). Competitive intensity described the avail- 
ability of alternative products in the market and the inten- 
sity of price competition. Technological turbulence cap- 
tured respondents' perceptions of technological advance- 
ment over the past five years and their perceived 
opportunities brought on by China's entry into the WTO. 
We follow prior studies and operationalize brand market 
performance along two dimensions: sales growth and mar- 
ket share, compared with the top three competitors (Park 
and Luo 2001; Peng and Luo 2000). 

Using scales adapted from the work of Park and Luo 
(2001), we controlled the effect of technology and manage- 
ment skills on firm capabilities and market performance. 
The customer orientation scale originated from the work of 
Narver and Slater (1990). We operationalized firm size, a 
proxy for firm financial strength, as the logarithm of the 
number of employees in a firm (SBU). We used the number 
of years of operation to indicate firm age. We coded three 
types of firm ownership (a proxy for organizational culture) 
as two dummy variables: SOE and joint venture (1 = yes, 
0 = no). Finally, we included industry as a dummy variable 
to control for potential variations between “nondurable” 
(coded as 1) and "durable" (coded as 0) products. 

We examined construct validity as follows: First, we ran 
exploratory factor analyses for guanxi, channel capability, 
responsive capability, competitive intensity, technological 
turbulence, technology skills, management skills, and cus- 
tomer orientation. Factor solutions were consistent with 
theoretical postulates. Second, to assess the convergent and 
discriminant validity of the constructs, we separated the 
constructs into two groups and conducted confirmatory fac- 
tor analyses (Li and Atuahene-Gima 2002). We allowed the 
latent constructs to be correlated while constraining the 
measurement items and their error items to be uncorrelated. 
Both models provide satisfactory fit (for fit statistics, see 
Table 2), indicating unidimensionality of measures (Ander- 
son and Gerbing 1988). Loadings of items on their respec- 
tive factors are all positive, high in magnitude, and statisti- 
cally significant, showing that the scale had satisfactory 
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convergent validity (Anderson 1987; Anderson and Gerbing 
1988). We conducted a series of confirmatory factor analy- 
ses, as Bagozzi, Yi, and Phillips (1991) recommend. The 
results suggest that for every pair of factors in the measure- 
ment model, a two-factor model fits the data significantly 
better than a one-factor model, demonstrating satisfactory 
discriminant validity (Anderson 1987; Bollen 1989). Taken 
together, the measures have good convergent and discrimi- 
nant validities. 


Results: Test of Hypotheses 


We used composite scores of each construct in a series of 
ordinary least squares regressions. Table 3 shows means 
and standard deviations, as well as correlations among the 
variables. 

Using regression analysis, we assess the effects of 
guanxi on market performance and mediating constructs 
(Table 4) and the effects of mediating constructs and inter- 
action terms on market performance (Table 5). We mean- 
centered the variables in interaction terms to avoid prob- 
lems of multicollinearity. Variance inflation factors showed 
no significant bias (ranges from 1 to 2). The R-squares for 
all the regression runs ranged from .313 to .486, suggesting 
that the proposed predictors have satisfactory explanatory 
power. H, suggests that guanxi has a positive impact on 
market performance. Table 4 shows that guanxi registers a 
significant influence on brand sales growth (B = .43, p < 
.001) and brand market share (B — .61, p « .001), in support 
ofH l 

We propose that guanxi is positively related to channel 
and responsive capabilities (Ho, and H34), which in turn 
positively affect brand market performance (Hy, and H3,). 
To test the mediation hypotheses, we regressed guanxi and 
other predictors on channel and responsive capabilities 
(Table 4). The results show that guanxi significant affects 
firm capabilities (for channel capability: B = .30, p « .001; 
for responsive capability: B — .26, p « .001), in support of 
Нол and H4,. We then included both mediators in the regres- 
sion (Table 5) to evaluate (1) their impacts on dependent 
variables and (2) their impacts on the coefficients associated 
with guanxi. Both mediators had significant impacts: Chan- 
nel capability has a significant effect on sales growth (D = 
23, р < .001) and market share (В = .23, р < .001), and 
responsive capability significantly affects brand sales 
growth (B = .12, p < .05) and brand share (B = .20, p < 
.001), in support of Hz, and Hay. Compared with model 
results on Table 4, the effects of guanxi drop from .43 to .32 
for brand sales growth and from .61 to .49 for brand share. 
If we take these findings together, H24, Hoy, H3,, and Нзь 
are supported; both channel capability and responsive capa- 
bility are partial mediators, and guanxi exerts a positive 
influence on brand market performance. 

Н+ proposes that competitive intensity moderates the 
relationship between guanxi and brand market performance. 
The findings in the last two columns of Table 5 show that 
the two-way interaction of competitive intensity and guanxi 
is negatively related to brand sales growth (В = —09, р < 
.05) and brand share (В = –.02, p > .10). Although the inter- 
action effect on brand share does not reach a significance 
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TABLE 4 
The Effects of Guanxi on Market Performance and Firm Capabilities 





Market Performance (Н+) 


Channel Сара Ну Responsive Сара Ну 
Sales Growth Market Share (Но) (H 
Independent Variables 
Guanxi 4" .61*** .30*** ‚26*** 
Competitive intensity —.22*** —.11** —.12* —.13** 
Technological turbulence —.04 .03 —.01 .04 
Control Variables 
Technology skills —.08 —.04 .10 –.02 
Management skills .09 .08 .20" .35 
Customer orlentation .00 —.09 .07 17“ 
Firm size .12* —.04 .14** .09 
Firm age —.03 .05 .02 .00 
SOE —.12 —.01 —.18** —.13* 
Joint venture —.10 —.09 —.05 —.03 
Industry .08 .04 .01 .02 
Омега! Моде! 
F-value 11.44*** 17.03*** 11.24*** 14.64*** 
R2 .317 .408 .313 .372 
*p < .05. 
“p< .01. 
"p < .001. 


Notes. t-tests are one-talled for hypothesized effects and two-tailed for control vanables. 


level, the combined results suggest that when the market 
becomes increasingly competitive, guanxi’s contribution to 
brand market performance is weakened. 

Н; predicts that technological turbulence mitigates the 
positive influence of guanxi. The results show that the mod- 
erating effect does not register significantly for brand sales 
growth (B = —02, p > .10) but is significantly related to 
brand share (В — —.08, p « .05), providing partial support for 
Hs. 

To illustrate visually how guanxi’s effects are moder- 
ated by market forces, we plotted Figures 2 and 3. Figure 2 
illustrates the impacts of guanxi and competitive intensity 
on brand sales growth (Panel A) and brand share (Panel B). 
At a lower level of competition, guanxi has a positive 
impact on both, but when competition level is high, 
guanxi's impact is slightly lower (Panel B) or negative 
(Panel A). The interaction effect reinforces that competitive 
intensity is a definite threat to brand performance, but the 
negative influence is much stronger when firms rely heavily 
than lightly on guanxi. Likewise, Figure 3 shows that the 
impacts of guanxi are much stronger when technological 
turbulence is low than when it is high. In particular, the 
effects of guanxi went from highly positive to negative 
(Panel B) or slightly positive (Panel A) when technology 
turbulence changed from low to high. Thus, technological 
turbulence is only slightly damaging when guanxi is low, 
but it becomes severely detrimental when guanxi is high. 
Taken together, Figures 2 and 3 illustrate the mitigating 
effects of market forces on the relationship between guanxi 
and brand market performance, providing additional sup- 
port for H4 and Hs. Indeed, competition and technological 
turbulence are highly effective structure-loosening forces in 
the China market. 


Discusslon and Conclusion 


Our study is a modest but bold attempt to conceptualize the 
salience of guanxi as a governance structure in China, its 
capitalization at the firm level, and its damaging effects 
when the market environment changes. The findings pro- 
vide several contributions. We find support for direct, indi- 
rect, and moderated effects of guanxi that shape brand mar- 
ket performance in China. The results provide inputs into 
the following hotly debated issues in the literature: 

*Because guanxi operates as a complementary mechanism to 

circumvent China's institutional barriers, will guanxi, a deep- 

rooted cultural governance structure, continue to operate as 

China develops formal institutional mechanisms? ' 

*In what ways does guanxi lead to firm performance? What 

organizational processes are needed to foster its contributions? 

Which corporate capabilities does guanxi enhance? 

*What are the boundary conditions on which contributions 

from guanxi change course? 


Our study confirms that the salience of guanxi as a gov- 
ernance structure is strong and persistent. Our postulate 
traces guanxi's operating rules by means of the Chinese cul- 
tural value system. The findings confirm that the guanxi 
network exerts direct impacts on brand performance in 
China's least regulated consumer product markets amid the 
country's institutional reform. Thus, the effects of guanxi 
on brand sales growth and brand share performance cannot 
be ignored. These findings reinforce the notion that behav- 
iors and operating rules with deep-rooted cultural values die 
hard. In the era of globalization, it is equally important for 
managers to develop deeper cultural knowledge to under- 
stand international markets. 
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The resource-based view prescribes that firms need to 
combine heterogeneous and imperfectly mobile resources 
to succeed. Managers can enrich their firms' endowment by 
sourcing and capitalizing on valuable, rare, and nonimitable 
assets that offer sustainable competitive advantages (Barney 
1991). Indeed, guanxi is an asset that leads to firm compe- 
tence in managing channels (H5) and developing responsive 
strategies (Нз). By leveraging interpersonal ties to the cor- 
porate level, managers can reduce transaction costs in distri- 
bution channels and gain wider market coverage. Managers 
also lower information cost generated from close relation- 
ships and enhance control over the task environment to 
cope with market changes. In addition, they can capitalize 
on a firm's channel and responsive capabilities to “house” 
the benefits drawn from interpersonal guanxi networks. 
These findings provide some clues to the organizational 
processes whereby guanxi becomes a firm's sustainable 
competitive advantage. To the best of our knowledge, this is 
the first empirical investigation of the capitalization of 
guanxi. 

Importantly, our study confirms that the dark side of 
guanxi as a governance structure is indeed salient (H4 and 
Hs). Drawing insights from Wellman's (1988) structural 
explanation, our study delineates and verifies the possible 
negative impacts of guanxi in the context of structure- 
loosening forces, such as competition and technological tur- 
bulence. The results echo findings in interfirm relationship 





TABLE 5 
Mediating Effects of Firm Capabilities and the Moderating Effects of Market Forces 
Market Performance (Нь, Нзь) Market Performance (H4, Hs) 
Sales Growth Market Share Sales Growth Market Share 
Mediating Variables 
Channel capability .23*** .23*** .23*** .23*** 
Responsive capability 12" .20*** .12* .19*** 
Moderating Terms 
Guanxi x competitive intensity — — —.09* —.02 
Guanxi x technological turbulence — — —.02 —.08* 
Independent Variables 
Guanxi .32*** .49*** a3" .50*** 
Competitive intensity —.17*** —.06 —.17*** —.06 
Technological turbulence —.05 .02 —.06 .00 
Control Variables 
Technology skills —.10 —.06 —.08 —.06 
Management skills .00 —.04 —.02 —.04 
Customer orientation ‚ —04 – 14“ —.05 —.14** 
Firm size .08 —.09 .08 —.10* 
Firm age —.04 04 —.03 05 
ЗОЕ —.06 06 —.08 .06 
Joint venture —.09 —.07 —.08 —.06 
Industry .08 04 .07 03 
Overall Model 
F-value 12.43*** 19.59*** 11.067“ 17.29*** 
R2 .375 .486 .383 .492 
*р < .05. р 
р < .01. 
p< .001. 


research that suggests that ongoing relationships can 
develop characteristics that destabilize and destruct the rela- 
tionship from within, revealing the dark side of long-term 
relationships (Jap and Anderson 2003). 

Our study confirms that competitive intensity and tech- 
nological turbulence are salient moderators for the effects 
of guanxi. These findings remind us of the transitional and 
developmental stages of many emerging economies in 
which guanxi is a fundamental part of economic and social 
life. As these economies approach the true market system, 
the moderating effects of interpersonal ties are likely to 
decrease. Although our study confirms two such moderating 
effects, it also points to the fallacy of overreliance on this 
mechanism when operating in transitional economies. 
Indeed, the danger of overburden by reciprocal obligations 
and collective blindness is damaging and potentially fatal. 

Social networks are common in all cultures and are 
known to be powerful influencers of business procedures. 
Our findings suggest that social networks as powerful gov- 
ernance structures need to be recognized and understood. 
How each culture manifests such social influences is a key 
to understanding international markets. In this regard, our 
findings suggest that cultural factors, such as individualism/ 
collectivism, and core social relationships, such as kinship, 
help manifest social influences in each culture. Thus, 
although our study examines guanxi in China specifically, 
other countries that have similar cultural orientations (e.g., 





Notes: t-tests are one-talled for hypothesized effects and two-talled for control variables. 
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South Korea) may have related forms of social influences. 
Although social networks are etic and universal, an emic 


study approach is necessary. 


Managerial Implications 


This study provides several implications for firms entering 
and expanding their operations in China. Although the 
importance of personal guanxi networks is widely acknowl- 
edged as a crucial mechanism, it is important to understand 
the essential cultural norms, rules, and processes through 
which guanxi operates. Many firms are aware of the key 
roles of guanxi and actively build their guanxi networks by 


developing relationships with partner firms and government 
officials and recruiting overseas and local Chinese as man- 
agers. We argue that it is crucial to grasp the nature of this 
deep-rooted resource, to understand the capitalization 
process, and, importantly, to be aware of its negative 
effects. 

Guanxi offers benefits in major ways: It helps firms 
connect to partnership firms and government offices, gain 
assess to “insider” information, decode government policy 
intents, and open up needed resources that are otherwise 
unavailable. These factors are especially important when 
firms attempt to capture China’s regional markets in which 


FIGURE 2 
How Market Forces Moderate Guanxl Effects: Interaction Between Guanxi and Competitive Intensity 





A: Effects on Sales Growth 
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B: Effects on Market Share 
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FIGURE 3 
How Market Forces Moderate Guanxi Effects: Interaction Between Guanxi and Technological Turbulence 
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protectionism and entry barriers are high. The economic 
value of helping firms maneuver among marketing chan- 
nels, value chain firms, and government officials is unques- 
tionably invaluable. Our findings in the relatively open con- 
sumer product markets in China provide support for this 
popular strategy. À substantial number of firms (both for- 
eign and local) consider the guanxi network an attribute of 
their management staff. In June 2007, new Web sites that 
offer the chance for a person to have lunch or play golf with 
senior managers or government officials for a fee became 
available. In a highly interpersonal society, strong embed- 
ded social ties remain a core value. 

We argue that firms can "corporatize" interpersonal ties 
to the level of corporate networks by understanding and 
managing the boundary-blurring process. By actively trans- 
ferring interpersonal trust to interfirm trust, such as provid- 
ing quality business-to-business services and ensuring that 
the partner firms are aware of such exchanges, firms may be 
able to depersonalize and corporatize such networks. Our 
study finds that two firm competence areas, channel capa- 
bility and responsive capability, could benefit from the cor- 
poratizing of personal guanxi. Thus, the ability to develop 
guanxi into a valuable, rare, nonimitable, and nontransfer- 
able resource for a firm can be a pivotal challenge. 

As much as it is a valuable resource, guanxi can also be 
a major liability. Management and marketing scholars have 
warned against guanxi's dark side, such as the overburden- 
ing of corporate obligations, domino effects when a net- 
work fails, overreliance, and collective biases. These nega- 
tive effects are real and highly damaging. Although a firm 
can benefit from its managers' guanxi networks, it is oblig- 
ated to reciprocate favors that it may not be able to offer. 
The greatest danger can emerge if such obligations affect 
the firm's decisions and even its future. Thus, it is important 
for firms to develop a check-and-balance system to reduce 
such exposure. Some firms (e.g., HiSense, a top Chinese 
home appliance manufacturer) maintain a periodic position- 
rotating system to ensure that the regional managers do not 
stay in the same place for more than two years. Although 
the effectiveness of such systems is unknown, the aware- 
ness of the danger regarding guanxi's dark side is clear. 

Our study confirms that competitive intensity and tech- 
nological turbulence can mitigate the effects of guanxi. As 
China develops more open-market infrastructures and insti- 
tutional mechanisms (e.g., rule of law), guanxi's effective- 
ness may be reduced through these structure-loosening 
forces. However, we caution against this sweeping general- 


ization because guanxi, a socially embedded practice (Uzzi 
1997), can be contextualized to local conditions and thus 
may be perpetuated (Gold, Guthrie, and Wank 2002). There 
is reason to be hopeful because the guanxi network in a par- 
ticular Chinese society—-namely, Hong Kong—does not 
interfere or twist business exchanges. How much time and 
cultural adaptation such a transition would take for other 
areas remains a major challenge. 


Limitations and Further Research 


Our findings need to be evaluated with regard to the follow- 
ing limitations: First, our study delineates and confirms 
both the benefits and the costs of guanxi as a governance 
structure. We did not investigate how managers make such 
benefit-cost trade-offs. Further research could address the 
question of how managers rationalize their decisions and 
how they manage their guanxi portfolio to boost brand per- 
formance and firm profitability. 

Second, this study investigates guanxi from a holistic 
perspective to delineate its theoretical underpinnings. The 
study does not examine the differential implications of dif- 
ferent domains of guanxi. For example, guanxi connections 
can be further classified into guanxi with governments (cen- 
tral, local, and city governments), firms (competitors and 
those in the marketing channel), customers (firms and end 
consumers), and stockholders. A multidomain approach 
could provide a portfolio of overlapping influences and 
obligations that enrich the knowledge on guanxi. Note also 
that in our study, we measure several constructs by two- 
item measures rather than the more common three-item 
measures. Whenever possible, more items in a measure are 
preferred to achieve strong measurement reliability and 
validity. 

Third, our study included only brands in the consumer 
product category. The choice of this context is appropriate 
for our research purpose. However, how guanxi evolves in 
China's industrial sectors, the protected financial commu- 
nity, and highly monopolized industries (e.g., telecommuni- 
cations, the energy sector) should also be examined. 

This study assessed the effects of two structure-loosen- 
ing forces: competition and technology. The salience of 
these forces provides useful implications to global agencies 
(e.g., WTO, The World Bank) to understand other emerging 
markets. In this increasing globalized and technological 
world, the effects of such forces demand more comprehen- 
sive work and research efforts. 
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Satisfaction, Complaint, and the 
Stock Value Gap 


This article introduces the concept of a stock value gap—the shortfall of a firm's actual market value from its optimal 
market value, as measured by a best-performing benchmark. Using a large-scale, real-world database, the authors 
test the effects of both customer satisfaction and customer complaint on the stock value gap of firms. The results 
show that customer complaint has a stronger effect than customer satisfaction on the value gap. Furthermore, there 
is some support for the moderating influences of working capital and firm specialization. The results provide 
actionable guidelines to build a more complete customer equity dashboard and encourage managers to provide a 


supportive organizational environment to create shareholder value. 


Keywords: shareholder value, benchmarking, customer satisfaction, customer complaint 


connected to finance. Аз top management focuses on 

maximizing shareholder value, researchers have 
stressed the importance of benchmarking the financial con- 
tribution of customer equity (Rust, Lemon, and Zeithaml 
2004). Against this background, prior studies on positive 
customer insights have shown a beneficial impact of cus- 
tomer satisfaction on cash flows, Tobin's q, and excess 
Stock returns (Anderson, Fornell, and Mazvancheryl 2004; 
Fornell et al. 2006; Morgan and Rego 2006). Luo (2007) 
finds а negative relationship between customer complaint 
and firm-idiosyncratic stock returns. 

However, to our knowledge, no study in the marketing 
literature has compared a firm's actual market value with its 
optimal market value, which is measured by a best- 
performing benchmark. Perhaps, this lack of research exists 
because of tbe challenge to model this best-performing 
benchmark scientifically. Vorhies and Morgan (2005) 
cogently argue that benchmarking can be an important 
competency-enhancing tool. Using a benchmark approach 
helps a firm (1) identify best practices among competing 
firms given the same resources and (2) learn from best prac- 
tices to close the gap to the best-performing competitors. 
Thus, if marketing research could not model the impact of 
customer insights on the stock value gap (between the 
actual and the benchmarked optimal stock value of a firm), 
finance executives would be less likely to appreciate the 
role of customer-related investments in helping the firm 
achieve its highest stock value compared with the optimal 
benchmark. 


Te is a growing consensus that marketing must be 
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This article attempts to fill this research void. In doing 
so, we extend the literature on “valuing” customer equity. 
We add modeling rigor to this literature by introducing an 
econometric approach to benchmark an optimal market 
value (Aigner, Lovell, and Schmidt 1977). A clear advan- 
tage of this approach is that it can precisely reveal the stock 
value gap for every company when scientifically bench- 
marked against optimal, best-performing competitors, 
instead of nonoptimal, average-performing rivals. The 
results of the stock value gap analysis and implied shortfalls 
in future cash flows will equip managers with actionable 
guidelines that take relevant market competitors into 
account. 

Beyond this methodological contribution, our article 
adds theoretical depth to the literature by suggesting a more 
complete customer equity control system. We examine the 
effects of customer assets (satisfaction) and customer lia- 
bilities (complaint) on the stock value gap simultaneously. 
Whereas previous research has studied them separately, we 
address the unknown relative importance of customer satis- 
faction and customer complaint. On the basis of prospect 
theory, we argue that managers should no longer value sat- 
isfaction and complaint in isolation. Rather, both good news 
(of "angel" customers) and bad news (of “devil” customers) 
should be considered in one model. Indeed, to optimize firm 
stock value, managing the downside loss in terms of com- 
plaint may matter even more than the upside gain in terms 
of satisfaction. 

Furthermore, we theorize the moderating roles of a 
firm’s working capital and specialization regarding the 
influence of customer insights on the stock value gap. Not 
much is known about the impact of these factors in the area 
of customer satisfaction and customer complaint. By 
including both working capital and specialization, our 
research should help foster a contingency view of cus- 
tomers’ impact on firm stock performance. 

the research stream 
pertaining to ће market sfiancb; Ы 
ways (Srivastava, She „апа Раћеу 4998). First, our 
work points out the i 
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cial metrics (firms' optimal stock value and the stock value 
gap) for marketing science. These new and important met- 
rics provide refreshing directions for future marketing 
research efforts to quantify and benchmark the stock market 
value of investments in innovation, product quality, channel 
partnerships, and the like (Prabhu, Chandy, and Ellis 2005; 
Sorescu, Chandy, and Prabhu 2007; Srinivasan and 
Hanssens 2007). Second, it enables marketing executives to 
speak the same language as financial executives—that is, by 
articulating the financial benefit of intangible customer 
assets, such as satisfaction; liabilities, such as complaint; 
and their interactions with working capital. Third, our study 
helps understand more precisely the future cash flows of 
firms that result from positive and negative customer 
insights. 

Next, we provide an overview of the framework and the 
benchmark method used to measure the stock value gap. 
This is followed by our hypotheses for the impact of cus- 
tomer satisfaction and complaint on the stock value gap. In 
addition, we derive how firms' working capital and special- 
ization can function as contingency factors for this impact. 
We test the framework with a longitudinal data set assem- 
bled from multiple archival sources. We conclude with 
implications of the results. 


Framework and Hypotheses 


Overview of Framework 

Figure 1 provides an overview of the relationships in our 
theoretical framework. The stock value gap is the shortfall 
of a firm's actual market value from its optimal market 
value as measured by benchmarking best-performance com- 
petitors. We suggest that customer satisfaction induces a 
smaller stock value gap, whereas complaint leads to a larger 
stock value gap. Our framework also predicts that customer 


complaint has a relatively stronger impact than satisfaction 
on the stock value gap. Furthermore, we expect that these 
relationships may change depending on firm contingencies, 
such as working capital and firm specialization. 

Before we develop our hypotheses, we provide a brief 
explanation of the concept of the stock value gap because 
this idea appears to be new to the finance-related marketing 
literature. In general, the question whether a marketer maxi- 
mizes stock value over time can be stated as follows: Does 
the firm optimally operate and invest in assets (e.g., cus- 
tomers, brands) that are expected to create value and 
enhance its stock performance in the most efficient way? 
Because all firms are not equal in seizing their opportunities 
and translating their resources into stock performance (Sri- 
vastava, Shervani, and Fahey 1998), we can trace out a 
curve that represents the optimal stock value given the 
opportunity sets, differences in firm characteristics, and the 
trade-off between operating characteristics. The resultant 
curve (efficient frontier) is the optimal stock value bench- 
mark that consists of hypothetical best-performing competi- 
tors. This benchmark establishes the upper boundary for the 
relevant rival firms. Firms on this benchmark are optimal in 
using the operating resources to maximize their stock value 
compared with their competition; that is, they achieve the 
highest possible stock value, holding other things constant.! 
In contrast, firms inferior to this benchmark are not optimal 
in maximizing their stock value given their operating 


ICompared with our best-performance benchmarking, a disad- 
vantage of traditional ordinary least squares (OLS) is that it would 
compare a firm's market value with average-performing competi- 
tors. Thus, simple OLS may confound a stock value gap with a 
random statistical error. When talking about best-performing com- 
petitors, we mean the highest possible stock value ín our analyzed 
sample. Interpretations of the results should be made under this 
premise. 


FIGURE 1 
Theoretical Framework 
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resources. As such, these firms are “underdogs” compared 
with best-performing competitors and have a stock value 
gap. This resultant value gap between the actual and the 
optimal market value is a manifestation of shortages in 
firms’ future cash flows compared with the benchmark. As 
an illustrative example, Firm A in Figure 2 has an observed 
value of V,, but a hypothetical competing Firm A’ on the 
benchmark has obtained a higher value of V* with the same 
operating characteristics (i.e., the same current profitability 
and the same leverage ratio). Thus, Firm A has not achieved 
its maximum value point, which would be attained if all 
investment decisions were optimal. In other words, bench- 
marked against the best-performing competitors, Firm A 
has a stock value gap (= V* — V,). Next, we discuss how the 
stock value gap is related to customer satisfaction and com- 
plaint, and we offer hypotheses about main effects, com- 
parison of effect strengths, and moderating effects. 


Hypotheses on Main Effects and Comparison of 
Effect Strength 


Theoretically, several pathways can link customer satisfac- 
tion with the stock value gap. Following the framework of 
Srivastava, Shervani, and Fahey (1998), we determine a 
firm’s stock value by the level, timing, and volatility of its 
future cash flows.2 Based on this line of reasoning, market- 
ing literature has confirmed several different underlying 
mechanisms that relate customer satisfaction to these value 
drivers and, thus, to shareholder value (Table 1). 





2The fourth driver of shareholder value in Srvastava, Shervani, 
and Fahey’s (1998, 1999) framework is the residual value As we 
contemplate a continuous cash flow stream, this driver is 1ncorpo- 
rated within the first three. Specifically, Srivastava , Shervani, and 
Fahey (1999, p. 173) write, “If we adopt an infinitely long time 
horizon, the last of the four drivers is incorporated automatically 
into the valuation and is an outcome of the first three.” As such, if 
a continuous cash flow stream is followed, representing the capital 
market value of the firm, we have no residual value term to 
consider. 


FIGURE 2 
Illustration of Stock Value Gap Based on Best- 
Performance Benchmark 
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In our study, we transfer the well-established link 
between customer satisfaction and shareholder value 
(Anderson, Fornell, and Mazvancheryl 2004; Fornell et al. 
2006; Gruca and Rego 2005) to our value gap framework. 
According to the logic of Srivastava, Shervani, and Fahey 
(1998), firms with higher customer satisfaction are more 
likely than rival firms with lower customer satisfaction to 
become best performers with the highest possible stock 
value. Thus, all else being equal, the higher the customer 
satisfaction for a firm, the smaller is the stock value gap.3 

With respect to complaint, we predict that a higher level 
of customer complaint leads to a larger stock value gap. 
This linkage appears to be justified, considering that com- 
plaining customers often express negative word-of-mouth 
behavior and that consumers are heavily influenced by this 
information (Luo 2007; Singh 1988). Moreover, Web-based 
information channels may even exacerbate the damage of 
negative word of mouth toward a wider audience, including 
existing and potential customers (Chevalier and Mayzlin 
2006; Srivastava, Shervani, and Fahey 1998). Thus, higher 
complaint could cause an erosion of customer retention 
among existing customers and lead to higher costs to con- 
vince potential customers (e.g., higher costs for advertising) 
over time. This line of reasoning suggests that complaint 
likely reduces the level of net cash flows, delays the timing 
of new cash flows, and increases the risk of future cash 
flows. Thus, if we hold other things constant, the higher the 
complaint for a firm, the larger is the stock value gap to the 
best-performing competitors over time. 


H;: АП else being equal, (a) the higher the customer satisfac- 
tion for a firm, the smaller is the stock value gap to the 
best-performing competitors, and (b) the higher the cus- 
tomer complaint for a firm, the larger is the stock value 
gap to the best-performing competitors. 


We expect that negative customer complaint may have a 
stronger impact than positive customer satisfaction. Psy- 
chologists explain that negative information appears more 
useful and diagnostic to the receiver than positive informa- 
tion (Taylor 1992). There is “а greater weighting of negative 
as compared with equally positive information in the forma- 
tion of evaluative judgments” (Ahluwalia 2002, p. 271) and 
in decision making (Herr, Kardes, and Kim 1991). In addi- 
tion, prospect theory holds that “losses loom larger than 
gains” (Kahneman and Tversky 1979, p. 263). Thus, in the 
context of valuing customer experience, this theory implies 
that negative experience (losses embodied by complaint) 
may matter more than positive experience (gains embodied 
by satisfaction). 

Indeed, previous marketing research has shown that 
negative information about products conveys a significantly 
larger weight for potential buyers than an equivalent size of 
favorable information (Mahajan, Muller, and Kerin 1984). 


3Our logic assumes that both satisfaction and complaint can 
offer financial content in stock markets (i.e., signaling the firm's 
future cash flows). This assumption is valid because prior studies 
have suggested that satisfaction and complaint information are 
often accessible to the public (i.e., through measures, such as the 
American Consumer Satisfaction Index) and tend to have an 
impact on stock prices over time (Fornell et al. 2006; Luo 2007). 
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TABLE 1 


Mechanisms for the Impact of Satisfaction and Complaint on the Firm's Stock Value 


Value Опуегза 


Level of future 
cash flows 


Timing of future 
cash flows 


Risk of future 
cash flows 


Statements in Empirical Studies Referring to 


Satisfaction (and Complaint)b 


"Firms that do better than their competition in 
terms of satisfying customers ... generate 
superior returns.” (Fornell et al. 2006, p. 11) 


"Satisfled customers are more loyal and increase 
their level of purchasing from the firm over time” 
(Gruca and Rego 2005, p. 116) 


"The combined effect should be to raise the level 
of net cash flow" (Anderson, Fornell, and 
Магмапсћегу! 2004, р. 173) 


“More consumer negatlve volce would lead to 
higher retention costs, higher customer defection 
rates, and fewer profits, all of which diminish the 

calculated net present [customer lifetime value] 

and, thus, future cash flows.” (Luo 2007, p. 77) 


“We find some evidence that an incremental 
negative review is more powerful in decreasing 
... Sales than an incremental positive review Is In 
increasing sales.” (Chevaller and Mayzlin 2006, 
р. 346) 


"Because it is more likely that receivables 
turnover is better for firms with satisfied 
customers, speed of cash flow Is positively 
affected.” (Fornell et al. 2006, p. 5) 


“Thus we should expect customer satisfaction to 

lead to faster market penetration and, in turn, to 

accelerated cash flows" (Anderson, Fornell, and 
Mazvancheryl 2004, p. 173) 


“Firms that do better than thelr competition in 
terms of satisfying customers ... generate 
superior returns at lower systematic risk.” (Fornell 
et al. 2006, p. 11) 


“Customer satisfaction insulates firms from 
competitors’ efforts and from external 
environmental shocks, leading to a reduction in 
the variability of future cash flows.” (Gruca and 
Rego 2005, p. 116) 


“Thus, customer retention also should positively 
affect shareholder value by reducing the volatility 
and risk associated with anticipated future cash 
flows.’ (Anderson, Forell, and Mazvancheryi 
2004, p. 173) 


Proposed Underlying Mechanisms 


*Lower marginal costs of sales and marketing 
*Revenue growth from more repeat business 


«Customer loyalty 
*Cross-buying 

*Lower customer defection rate 
*Positive word of mouth 


«increase in customer retention 

*Positive word of mouth and recommendation 
«Increased price tolerance 

eCustomer base as a network asset 


*Retention costs 
elncrease In defection rates 
eDecrease in sales volume 


«Stronger decrease In sales by negative 
communicated information than increase in 
sales by posttive information 


«Speed of buyer response to marketing efforts 
*Revenue growth benefits from more repeat 
business 


*Cross-buylng 

«Faster market penetration 

*Positive word of mouth and recommendation 
«Increased price tolerance 

eCustomer base as a network asset 


*Cost of capital 


«insulating firms from competitors' efforts 
• паша па firms from external environmental 
shocks 


elncreased customer retention 
elncreased price tolerance 
eCustomer base as a network asset 


ОФ 
8Taken from the framework of Srivastava, Shervani, and Fahey (1998). The residual value as a fourth driver of stock value 18 incorporated In the 
first three drivers because the time horizon is Infinite (Srivastava, Shervani, and Fahey 1999). 


bWe present some selected studies that have received a lot of attention in the marketing literature. Even more empincal and conceptual sup- 
port can be found cited within these studies. In reference to customer complaint and the different relative effect sizes of both constructs, to our 


knowledge, previous empirical literature has not examined thelr impacts on the timing and risk of future cash flows. 


Anderson and Mittal (2000) suggest that negative experi- 
ence can produce an impact that is "twice as strong on 
[return on investment]" as positive experience (Gupta and 
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Zeithaml 2006, p. 726). Echoing this, Chevalier and May- 
zlin (2006) find that negative book reviews have a stronger 
impact on relative sales than positive book reviews. As 


such, transferred to our framework, if we hold other things 
constant, customer complaint has a larger effect on the 
stock value gap than customer satisfaction. 


Но: All else being equal, customer complaint has a relatively 
stronger impact than customer satisfaction on a firm's 
stock value gap to the best-performing competitors. 


Hypotheses on the Moderating Effects 


Working capital. Working capital is a firm’s reservoir of 
cash, ability to pay off short-term liability, and net position 
in liquid assets. It represents a prominent measure of firm 
financial health and investment power (Graham and Harvey 
2001; Myers 1984). Working capital can determine firm 
investment in various communication activities toward cus- 
tomers (1.е., advertising/promotional programs) and the 
financial community (1.е., investor relation activities).4 

With respect to customer satisfaction, we predict that 
higher working capital strengthens the impact of customer 
satisfaction on the stock value gap. This is because firms 
with higher working capital can quickly signal the financial 
community about positive news of an increase in customer 
satisfaction (McAlister, Srinivasan, and Kim 2007; Srivas- 
tava, Shervani, and Fahey 1998). In addition, successful 
investments in advertising and promotion should communi- 
cate and leverage positive information about customer satis- 
faction more effectively. As a likely result, customer loyalty 
behavior (e.g., cross-buying behavior, positive word of 
mouth) is boosted, leading to a raised level and lower 
volatility of future cash flows. Against this background, 
firms with more working capital and investment power may 
expand the benefits of customer satisfaction, thus strength- 
ening the impact of customer satisfaction on the stock value 
gap. 
Regarding complaint, we predict that higher working 
capital weakens the impact of complaint on the stock value 
gap. When a firm has higher working capital, it can com- 
municate more successfully why complaint has increased 
and how this will be reversed in the future. This should 
make complaint less harmful in influencing the 
customer—profit chain (Gupta and Zeithaml 2006). Another 
aspect is the opportunity to invest in complaint manage- 
ment. With a supportive environment and healthy invest- 
ment capital, complaint management can more clearly 
induce greater future repurchase and brand equity (Fornell 
and Wernerfelt 1988) or even “increase loyalty beyond the 
degree before the failure” (Homburg and Fiirst 2005, p. 95). 
Thus, firms with higher working capital can limit the nega- 
tive cash flow consequences of complaint, which should 
weaken the impact of complaint on the stock value gap. 


Нэ: (a) The impact of customer satisfaction on the stock value 
gap 1s stronger for firms with higher working capital, and 
(b) the impact of customer complaint on the stock value 
gap 1s weaker for firms with higher working capital. 


4We also check our result robustness using an alternative mea- 
sure of working capital—namely, firm advertising and promotion 
capital. We find that working capital and firm advertising and pro- 
motion capital are significantly correlated (r = .351, p < .01), and 
the moderating effects of working capital still hold with this alter- 
native measure. 


Firm specialization. By and large, a higher degree of 
firm specialization means that the firm has similar product 
or service offerings and more focused operations. More 
specialized firms tend to have a lower degree of diversifica- 
tion and complexity (Berger and Ofek 1995), a more effi- 
cient distribution of resources, and, thus, a higher market 
value (Laeven and Levine 2007). Higher specialization may 
suggest a greater ability for the firm to focus resources on 
shareholder value-adding strategies.5 

With respect to customer satisfaction, we expect that a 
higher degree of specialization strengthens the impact of 
satisfaction on the stock value gap. This is because special- 
ized firms with similar product offerings and more efficient 
operations are likely to follow a focused approach that can 
facilitate the transfer of customer satisfaction to valuable 
customer loyalty and brand equity over time (Fornell et al. 
2006; Reinartz, Krafft, and Hoyer 2004). According to this 
line of reasoning, firms with a higher degree of specializa- 
tion may expand the benefits of customer satisfaction in 
reducing the chance of shortfalls in future cash flows and 
reducing the risk of anticipated cash flows (Gruca and Rego 
2005; Srivastava, Shervani, and Fahey 1998). Therefore, 
firm specialization strengthens the impact of customer satis- 
faction on the stock value gap. 

Regarding complaint, we expect that higher specializa- 
tion weakens the impact of complaint on the stock value 
gap. This is because more specialized firms with more 
focused and efficient product offerings may experience 
lower costs and greater effectiveness in the complaint man- 
agement process (Fornell and Wernerfelt 1988). These firms 
can respond to customer complaints in a more adequate and 
competent way that promotes customer justice evaluation 
and future loyalty behavior (Luo 2007). Specialized firms 
may not only handle customer complaint management more 
effectively but also leverage complaint information more 
competently in improving organizational processes and 
enhancing organizational learning over time. This implies 
that firm specialization may serve as a buffer against the 
negative cash flow consequences of complaint, thus weak- 
ening the impact of complaint on the stock value gap, in 
accordance with Srivastava, Shervani, and Fahey (1998). 


Hy: (a) The impact of customer satisfaction on the stock value 
gap is stronger for firms with a higher degree of special- 
ization, and (b) the impact of customer complaint on the 
stock value gap is weaker for firms with a higher degree of 
specialization. 


Data and Measures 
We obtained cross-sectional time-series data to test the 
hypotheses. In particular, we collected data in the airline 
industry from multiple archival sources, including Center 
for Research in Security Prices (CRSP), COMPUSTAT, the 
American Consumer Satisfaction Index (ACSI), and the 


5However, note that the main effect of specialization on perfor- 
mance outcomes can also be negative. Nevertheless, in their event 
studies about product portfolios, Woolridge and Snow (1990) and 
Jones and Danbolt (2005) find evidence for a positive overall 
effect of diversification. 
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U.S. Department of Transportation (USDT). Airline data 
and measures have been used previously both inside mar- 
keting literature (e.g., Dixit and Chintagunta 2007; Luo 
2007; Rust, Lemon, and Zeithaml! 2004) and outside mar- 
keting literature (e.g., Lapré and Tsikriktsis 2006; Rose 
1990). Table 2 presents the measures and data sources we 
used in this study. 

Our research setting with a single industry is appropri- 
ate because, in a scientific benchmarking methodology, 
researchers should ensure that a firm will not be bench- 
marked against noncomparables. For example, it is not 
appropriate or fair to compare the stock value of American 
Airlines with the stock value of Google, because these com- 
panies are from different industries and may have different 
optimal, best-performance benchmarks (Kumbhakar and 
Lovell 2000; Narasimhan, Rajiv, and Dutta 2006). 


Data and Measure for Stock Value Gap 


We measure the stock value gap for each firm with the sto- 
chastic frontier methodology (SFM) from the econometrics 
literature (Aigner, Lovell, and Schmidt 1977; Kumbhakar 
and Lovell 2000). Essentially, SFM estimates the best- 
performance benchmark, or the efficient frontier, after 
accounting for random stochastic error. Because the resul- 
tant benchmark represents the maximized and optimal con- 
version of operating characteristics into a stock value out- 
come, SFM can objectively and scientifically measure the 
stock value gap. In marketing, several studies have success- 
fully applied SFM in advertising, marketing capability, 
retailing, and other familiar areas (Dutta, Narasimhan, and 
Rajiv 1999; Murthi, Srinivasan, and Kalyanaram 1996; Shi 
et al. 2005). 

There are three primary advantages of SFM over the tra- 
ditional ordinary least squares (OLS) approach. First, it 
objectively constructs the benchmark with best performers. 
In contrast, the traditional OLS approach subjectively pro- 
vides a benchmark with average performers in an ad hoc, 
less rigorous way. Second, SFM is stochastic in nature and 
can not only tease out the biases of outliers but also realisti- 
cally capture random statistical errors or pure business luck. 
Third, in contrast to other basic approaches assuming 
homogeneity, the SFM model can handle heterogeneity 
with random parameter modeling (Greene 2003; 
Narasimhan, Rajiv, and Dutta 2006).6 

Mathematically, SFM models the stock value gap (р) 
with a stochastic term for each firm i (i = 1, 2, ..., I) at time 
t (t— 1, 2, ..., T). This stochastic term is the shortfall to the 
optimal best-performance benchmark. Formally, the SFM 
model in panel data form is as follows: 


6This feature of SFM is attractive because cross-sectional, time- 
series panel data are often confounded with unobserved hetero- 
geneity. If not treated appropriately, such confounding effects 
could seriously threaten the credibility of modeling results for 
best-performance benchmark (Dutta, Narasimhan, and Rajiv 1999; 
Narasimhan, Rajiv, and Dutta 2006). We checked our SFM result 
robustness by entering a dummy variable (specialized versus non- 
specialized airline companies). This robustness check yields quan- 
titatively similar findings, in support of our SFM results. 
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K 
а) Vit =о + у ҮҮХ, ; + h, = Б 
k=1 


where V,, is a firm's stock value (collected from CRSP), 
8j, is the stock value gap with а |[0, 621 half-normal distri- 
bution, and h;, is random statistical noise with a normal 
[0, o2] distribution. In addition, X,, is a vector of firm 
operating characteristics (i.e., firm sales, profitability, 
employee productivity, and firm leverage collected from the 
Bureau of Transportation Statistics [BTS] and COMPUS- 
TAT), and ү, is the model coefficient (К = 1, 2, ..., K).7 

We specified the log-likelihood of SFM as follows: 


1 
© Log Lsm = – 21080) - logo - 5100, - вор 
+ logé[(h, - 226], 


where с = (02 + of)! and А, = с,/сь (Greene 2003; Kumb- 
hakar and Lovell 2000). Because of the possible bias of 
unobserved heterogeneity in cross-sectional time-series data 
that could lead to misleading results, we specified a random 
parameter SFM, an extension of the basic panel. According 
to Greene (2003, p. 608), the random parameter approach to 
SFM is based on conditional density: fI(VL[X], yl) = 
КҮРХІ), i = 1, ..., Nl, = 1, ..., Tl, where ИС.) is the den- 
sity for the SFM approach. The random parameter SFM 
accounts for the possibility that parameters are randomly 
distributed with heterogeneous means: E[y}|Z,] = ү + AZ;, 
Var[yl|Z] = X. This random parameter SFM can accommo- 
date half-normal, truncated-normal, exponential assump- 
tions, as well as firmwise and timewise heteroskedasticity. 

We normalize the stock value gap (gi) parameter as а 
ratio between 0 and 1 (or 10096), because doing so (1) 
makes the results comparable across firms and (2) enables a 
more straightforward interpretation of the results (0 means 
that the firm has achieved the optimal stock value given the 
opportunity sets and thus has no gap between the firm’s 
actual and optimal market value). The larger this parame- 
ter, the wider is the gap between the firm’s actual and opti- 
mal market value (Aigner, Lovell, and Schmidt 1977; Habib 
and Ljungqvist 2005; Luo and Homburg 2007). In our SFM 
results, the mean of the stock value gap was 31.72%, and 
the standard deviation was 19.05% (see Table 2). 

Note that our measure for firms’ stock value (V; ) is the 
risk-adjusted excess return (Campbell et al. 2001; Fama and 
French 1993, 2006). Following the finance literature, we 


7TWe measured firm sales as the log of reported sales revenue 
from the BTS and COMPUSTAT to capture the firm size effect. 
We expect that sales have diminishing returns (i.e., negative influ- 
ence of its squared term) (Habib and Ljungqvist 2005). Thus, we 
entered sales and sales-squared terms. Profitability is the ratio of 
income after extraordinary items to book value of total assets. We 
measured employee productivity as the ratio of sales to employees 
in the firm. We measured firm leverage as the ratio of debts to 
book value assets (Rao, Agarwal, and Dahlhoff 2004). 

8Our SFM results on the mean of g, (stock value gap) over the 
years are 33.28 (Y1999), 32.73 (Y2000), 39.08 (Y2001), 33.82 
(Y2002), 30.03 (Y2003), 30.16 (Y2004), 31.89 (Y2005), and 
31.17 (Y2006). In addition, in our SFM results, we find that the 
gamma estimate for the stock value gap (o2) is 6.028 (p « .001) 
and that the gamma estimate for the statistical noises (02) is 
14.337 (p « .001). 
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adjusted firms' stock returns by regressing them against the 
Fama-French four risk factors.? Thus, we pulled out a total 
of 26,208 (= 18,144 + 8064) stock price data points, where 
18,144 = 9 airline firms x 8 years x 252 trading days for the 
firm and 8064 = 8 years x 252 trading days x 4 factors for 
the Fama—French variables. After deriving this clean mea- 
sure of daily risk-adjusted stock value, we aggregated it to 
the quarterly level as the firm's stock value (V 19. 

Although CRSP has fine-grained daily frequency data 
and the airline industry has many domestic airline compa- 
nies, our data set was limited to nine airlines over eight 
years in 32 continuous quarters, from Q1:1999 to Q4:2006. 
This is because we do not have complete data for other air- 
line companies across the different archival sources and 
because these sources have different frequencies of data 
reporting (see Table 2). The nine airline companies are 
Alaska Airlines, American Airlines, Continental Airlines, 
Delta Air Lines, Northwest Airlines, Mesa Air Group, Air- 
Tran Airways, Southwest Airlines, and United Airlines. 
Importantly, these nine airline companies seem to represent 
the whole industry well because, collectively, they account 
for more than 95% of revenues for all U.S. airlines. As a 
result, after matching firms' stock value gap data from 
CRSP and BTS with other data for customer satisfaction 
and complaint from sources such as COMPUSTAT, the 
ACSI, and the USDT, we have a total of 288 data points 
(288 = 9 airline companies x 4 quarters x 8 years) for our 
subsequent analyses. 


Data and Measure for Customer Satisfaction 


To measure customer satisfaction, we used archival data | 


from the ACSI, provided by the National Quality Research 
Center at the University of Michigan. This ACSI measure of 
customer satisfaction assesses real customers' overall 
experience with products rather than expert opinion (Ander- 
son, Fornell, and Lehmann 1994; Anderson, Fornell, and 
Mazvancheryl 2004). It uses an interval scale from 0 to 100, 
in which 100 is the highest level of customer satisfaction. 
The ACSI is a comprehensive and reliable data source 
for measuring customer satisfaction. First, it covers Fortune 
200 firms from 40 different industries. For each firm, the 
ACSI interviews more than 200 consumers every year. 
Thus, more than 50,000 consumers are interviewed by the 


ACSI annually. Second, it accounts for more than one-third ` 


of U.S. gross domestic product and covers all major eco- 
nomic sectors, such as manufacturing durables and non- 
durables, finance, insurance, communications, transporta- 





Ка = ба + BMKTRMET + gSMBRSMB + BHMLRHML + 
BUMDRUMD +e, 4, where R, 1s the return for a typical stock i at 
time d excessive to risk-free rate, RMET are portfolio returns of the 
New York Stock Exchange and the American Stock Exchange 
excessive to risk-free rate, R3MP is the difference of returns 
between small and large stocks, КИМІ is the difference of returns 
between high and low book-to-market stocks, and RY™ is the 
return momentum. We then use the residual of this regression as a 
clean and more precise measure of firm stock return, which has 
corrected the biases of common market factors. The daily data for 
the Fama—French factors are from French's data bank (see Table 2; 
see also http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/ 
data, library.html). 
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tion, retail, utilities, and others. Third, the methodology of 
measuring customer satisfaction is consistent across firms 
and over time. It employs the same interview procedures, 
survey questionnaire, random sampling, and estimation 
methods. A rigorous test of the validity and reliability of the 
ACSI can be found in the work of Fornell and colleagues 
(1996). Many studies have successfully employed the ACSI 
data set in the marketing literature (e.g., Fornell et al. 2006; 
Gruca and Rego 2005; Luo and Bhattachara 2006; Mittal et 
al. 2005). 

However, a limitation of this data set is that it measures 
customer satisfaction only one quarter per year for each 
firm covered in the ACSI. In addition, the ACSI does not 
have customer satisfaction data for all airline companies 
for the Q1:1999-Q4:2006 period. Given the difficulty of 
obtaining archival data, we must rely on this best available 
data source that can be matched with CRSP and other data, 
such as customer complaint. 


Data and Measure for Customer Complaint 


In measuring customer complaint, we used secondary data 
from the USDT. This data source measures real-world cus- 
tomer complaint objectively as the number of complaint 
records filed by airline passengers to the regulatory third- 
party of the USDT rather than as self-reported by the airline 
companies. Because this USDT database is at a monthly 
level (January 1999-December 2006) by the rate of com- 
plaints per 100,000 passengers, we aggregated the customer 
complaint data to a quarterly level and matched them with 
the ACSI, CRSP, and COMPUSTAT data sets. 

The USDT is a reliable and valid data source for mea- 
suring customer complaint. First, it has data for all U.S. air- 
lines, ranging from larger companies, such as American 
Airlines, to smaller companies, such as Alaska Airlines. 
Second, it has a comprehensive description of different 
types of complaints by categorizing the recorded com- 
plaints into 12 areas (e.g., flight problems, customer ser- 
vice, oversales, baggage, advertising, disability, discrimina- 
tion, refunds, animals). Third, the ways and procedures for 
airline customers to report complaints are the same over 
time. Since 1999, customers of airline companies can con- 
sistently file complaints with the USDT in writing, by tele- 
phone, through e-mail, or face-to-face. Therefore, this 
objective USDT measure of customer complaint has high 
face validity and is regarded as “the broadest measure avail- 
able" (Lapré and Scudder 2004, p. 125). 


Data and Measure for Other Variables 


For firm-level control variables, we collected data from 
companies' financial reports filed with the BTS, the Securi- 
ties and Exchange Commission, and COMPUSTAT. 
Specifically, we obtained airline passengers transported (in 
natural log), freight transported (in natural log), and mail 
transported (in natural log). Because these data are reported 
to the BTS at a monthly level, we aggregated them at a 
quarterly level to match other data sets. 

We control for the influence of firm earnings, measured 
as airline companies’ income after extraordinary items at 
the quarterly level (Haunschild and Sullivan 2002; Lapré 
and Tsikriktsis 2006). We also control for firm advertising 


and publicity investment, which is the sum of airlines' 
expenses in advertising and publicity at the quarterly level 
(in natural log) collected from BTS for the 
Q1:1999—04:2006 period. 

Our data set has two moderating variables: working 
capital and firm specialization. We measure working capital 
as the firm’s current assets (mainly accounts receivable, 
inventories, and cash) less current liabilities (primarily 
accounts payable and debt). We collected data for working 
capital from the BTS for the Q1:1999—04:2006 period. To 
measure firm specialization, we construct a dummy 
variable.!0 In particular, we code specialized airline compa- 
nies (AirTran Airways, Alaska Airlines, Mesa Air Group, 
and Southwest Airlines) as 1 and nonspecialized airline 
companies (American Airlines, Continental Airlines, Delta 
Air Lines, Northwest Airlines, and United Airlines) as 0. 

Furthermore, we control for several macroeconomic 
factors collected from Datastream for the Q1:1999— 
Q4:2006 period. More specifically, consumer price is the 
reported consumer price index each month (in %). We mea- 
sure interest as the U.S. prime interest rate reported each 
month (in %). Unemployment is the reported unemploy- 
ment rate each month (in %). Finally, the oil price is the 
market price for crude oil in the U.S. market. 


Analysis Approach 

In the data analyses, our dependent variable is the stock 
value gap, and our independent variables are customer satis- 
faction, customer complaint, moderators, and controls. 
Because the dependent variable has a censored distribution 
with an upper limit of 1 and a lower limit of 0, we employ a 
two-limit robust Tobit model to parcel out this sample cen- 
soring bias (Greene 2003). In particular, 2, + 1* denotes the 
latent stock value gap at time t + 1, the lagged Z;, denotes а 
vector of independent variables at time t, and B denotes a 
vector of coefficients. Then, we specify the observed stock 
value gap (gi. + 1) of firm i at time t + 1 as follows: 


Q) визе 1 = В7 + 6. = Bo + В1С5 + BCC, 
+ PaCS, t x WC, + B4CS x FS, + B3CC, x WC, 
+ ВСС, , x FS, + PWC, + BgFS,; 
+ BoontroisControls + Et + 1, and 
Eta = Рем + Фуа у О < р, 1* <1, 
Ee 1 = 0 if Zit + 1* < 0 (lower bound), and 
Би+1 = 1 if Ви +1" 2 1 (upper bound), 


where CS;, is customer satisfaction, СС; is customer com- 
plaint, WC; is working capital, FS;, is firm specialization, 





10In other words, we have two groups: Group 1 (e.g., American 
Airlines) includes airlines that mainly are hub based in operations; 
provide full services with relatively different, more diverse offer- 
ings; and are relatively less focused and less specialized. Con- 
versely, Group 2 (e.g., Alaska Airlines) includes airlines that 
mainly аге point-to-point in operations; provide limited services 
with relatively similar, less diverse offerings; and are relatively 
more focused and more specialized. 


and £;, and @,, are residuals.!! We specify the log- 
likelihood of the Tobit model as follows (see Greene 2003): 


N 
(0 Юты = >, вв, 17 Zi Bo, | 


i=l 
xYe, < £141 < &) - log|F[ Gs, — Z;,BYo, | 
ш F| (с, 7 Z; Во, || (c, = 0, ¢ = 1). 


In addition, cross-sectional, time-series panel data may 
involve unobserved heterogeneity, which can generate a 
bias in hypotheses-testing results. As a result, we also 
employ a random parameter robust Tobit model to parcel 
out this bias. In the random parameter Tobit approach, the 
model specification is based on conditional density as fol- 
lows: fXg2 , ,|X2, B) = КВ2Х2), і = 1, ..., №, t= 1, ..., T2, 
where f2(-) is the density for the Tobit function. The random 
parameter Tobit also models parameters as randomly dis- 
tributed with heterogeneous means and can consider both 
firmwise and timewise heteroskedasticity (Greene 2003; 
Narasimban, Rajiv, and Dutta 2006). 


Results 


Results on Main Effects 

In H}, we predicted that, all else being equal, the higher the 
customer satisfaction for a firm, the smaller would be the 
stock value gap to the best-performing competitors. А$ 
Table 3, Column 2, reports, the robust Tobit results suggest 
that customer satisfaction has a negative, significant impact 
(b = —051, p < .05) on the stock value gap. That is, higher 
customer satisfaction leads to a smaller stock value gap to 
the best-performance benchmark, as we expected. In addi- 
tion, we predicted that, all else being equal, the higher the 
complaint, the larger would be the stock value gap to the 
best-performing competitors. As Table 3 reports, the robust 
Tobit results suggest that complaint has a positive, signifi- 
cant impact (b = .107, p « .01) on the stock value gap. That 
is, higher complaint leads to a larger stock value gap to the 
best-performance benchmark, as we expected. Thus, over- 
all, the data strongly support Н. 


Results on the Comparison of Effect Strength 


In H5, we predicted that, all else being equal, customer 
complaint would have a relatively stronger impact than cus- 
tomer satisfaction on a firm's stock value gap to the best- 
performing competitors. As Table 3 shows, the strength of 
the effect of customer complaint (p « .01) is stronger than 
that of customer satisfaction (p « .05). Аз such, there is pre- 
liminary evidence for the stronger impact of complaint on 
the stock value gap. То test Н, statistically, we performed a 





пОш hypothesis-testing results do not change when we add the 
lagged dependent variable. In addition, because we modeled 
autoregressive (ARI) serial correlation with the error terms, our 
model accommodates some inertia in the system (Anderson, For- 
nell, and Mazvancheryl 2004; McAlister, Srinivasan, and Kim 
2007; Mittal et al. 2005). Moreover, we employed the 
Hildreth-Houck method in the robust Tobit model to correct auto- 
correlation and heteroskedasticity biases. 


Satisfaction, Complaint, and the Stock Value Gap / 37 


лизошибз jou = '8'и "seeujsnqoi synseJ xoeuo ој АцеиеВолецец jueje| pue Ayonsepexsouejeu евјмешћ pue вајмшл у езврошшозов PeU 
вјерош удој, Jeyewesed шорив! pesn ом 'зезещюдАц eui 1881 ој иоввеибе/ удој }впдо шолу редојаше ем ‘иорпарзе!р релозиео цм рејвоипд өв зупзе/ def епјвл жюв esneoeg :5910М 


"LO" > d, 
з0 > d,, 
‘OL » d, 


Ум—жБ OO oO nn 


eoud по 

jueuuAojduieu(, 

узелеји 

еоца лешпзиоЭ 

1uBi614 

BW 

JeBuesseg 

епиеле: JeBuessed бицеједо 

џодошоја рив Вујеујелру 

uopezi[eroeds шу 

[eudeo Вирнолл 
uopeziejoeds 

цих jurejduioo зәшоұѕпо 
uojezijepeds 

wy х иоровјецеѕ јешојап о) 
reydeo 

Вирџом x 1ujejduioo Јешојвпо 
Jeydeo 

Вирџом x uonogjsmes јешојеп о) 

зитајашоо лешојзпо) 

uomosjsnes Jeuojsno 


зеавыел juepuedepuj роввеј 


" 626— " L06— А 826— * cL6— 
s'u gle" s'u eie ‘su S6€ S'u S6€£' 
s'u 920— S'u 180'– ‘su 640— s'u 8/0— 
* 494'— * 99/`— А 992'— " e44— 
жен [УЛАП "m" 908'L РРА 29471 "T 89Z'l. 
x cci А 621' * 9с » бо 
жж» 50571 +x РСЕ 1 X LEE L "m LEE L 
жж 95 Е зж ScL'€£- РА eGL'€- ue eSL'€- 
s'u 6Lc— s'u 912 — s'u LLZ su 9lo- 
su S8/0'— ж 160 s'u 240 — * Є60`— 
РА LEO'€- m S860'€- М 80£'2- m 9LL€- 
peuoddns jou ЧУҢ ‘s'u 900— s'u S00—— WH 
peuoddns УН бо 9Р0" у 820— =H 
peuoddns Чен xs 6/0— т 110— 38H 
peuoddns "€H Р 120 А zeo- "eH 
peuoddns H oe ZLE ЭРУ © ача 601" oe 40H ЧЕН 
peuoddns H xs Е EN 2S0'- ^x SS0'— "А LS0'— "H 
Deo n 
ввәшоаАн епјал-а  ejeupe3  enjeA-d  ejeuns3 епјед-а owunsy  enjpA-d  ejeups3 uopsipeig 
40; џоаапс —— о —— —— = о о — 
а 6 ишпјоо 8 ишпіод 2 ишпюЭ 9 ишпіод $ uwnjog p uwnjog £guuimnjo) zuuij[o9 | uuin[o3 
01 чшпјод 








јером 901 1ејешвлед шоривн 
SUME ИЕ вн э + У ДО _, 
(9002:50—6661:10) ded епјад жоо1$ өлпүпд uo зшејйшод рив џоповјвцеб лешојвп о edw 


Е лау 


Iepoi нао 1апаон ишгт-омі 


38 / Journal of Маже па, July 2008 


Wald coefficient test to check whether the two effects dif- 
fered in magnitude. The resultant Wald's test clearly favors 
rejecting the null hypothesis (Fair = 19.066, p < .01) of the 
same effect size. Thus, the data support Н.12 We conclude 
that customer complaint has a relatively stronger impact 
than customer satisfaction on a firm's stock value gap, as 


we predicted. 
Results on Moderating Effects 


In Нз, we predicted that the impact of customer satisfaction 
on the stock value gap would be stronger for firms with a 
higher working capital than for firms with a lower working 
capital. The results in Table 3, Column 4, indicate that 
working capital significantly strengthens (b — —.032, p « 
.10) the effect of customer satisfaction on reducing the 
stock value gap to the best-performance benchmark. Thus, 
customer satisfaction has a stronger impact on reducing the 
stock value gap for firms with higher working capital, as we 
expected (see Figure 3, Panel А).13 In addition, we pre- 
dicted that the impact of complaint on the stock value gap 
would be weaker for firms with higher working capital than 
for those with lower working capital. The results in Table 3 
indicate that working capital significantly reduces (b = 
—.077, р < .05) the effect of complaint on enlarging the 
stock value gap to the best-performance benchmark. Thus, 
complaint has a weaker impact on the stock value gap for 
firms with higher working capital, as we predicted (see Fig- 
ure 3, Panel B). Therefore, H is fully supported. 

In Hy, we predicted that the impact of customer satisfac- 
tion on the stock value gap would be stronger for firms with 
a higher degree of specialization than for those with a lower 
degree of specialization. The results in Table 3 support the 
notion that firm specialization (b = –.028, р < .10) strength- 
ens the effect of customer satisfaction on reducing the stock 
value gap. Thus, customer satisfaction seems to have a 
stronger impact on reducing the stock value gap for firms 
with a higher degree of specialization. In addition, we pre- 
dicted that the impact of complaint on the stock value gap 
would be weaker for firms with a higher degree of special- 
ization than for those with a lower degree of specialization. 
However, the results in Table 3 indicate that specialization 
does not significantly reduce (p » .10) the effect of com- 
plaint on the stock value gap to the best-performance 
benchmark. Therefore, overall, the data only partially sup- 


port Hy. 
Results Robustness 


Risk implications of customer satisfaction and customer 
complaint. As discussed previously, we also expected that 
satisfaction and complaint would have a significant impact 


12These Wald’s test results still hold and support H, even after 
we include the significant interactions in both the robust Tobit 
model and the random parameter Tobit model. 

13The change of R-square for entering the interaction terms 
among mean-centered customer satisfaction, customer complaint, 
working capital, and firm specialization was statistically signifi- 
cant (AR? = .04, р < .10). Because the highest variance inflation 
factor was 3.192, much less than the warning point of 10.0, multi- 
collinearity did not pose a serious threat to the reported findings. 


FIGURE 3 
Plot of the Moderating Role of Working Capital 


А. The Moderating Role of Working Capital on the 
Impact of Customer Satisfaction on Stock Value Gap 
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on the risk of future cash flows and, thus, on the volatility 
of stock prices. To test these propositions empirically, we 
followed the finance literature (Campbell et al. 2001; Fama 
and French 2006) and constructed the quarterly volatility of 
the risk-adjusted excessive return, which is derived from the 
Fama-French momentum four-risk factor model (R; 4 = 

га + BMETRMET + p$MBRSMB + pHMLRE + 
Bi RYMD + eia) for each firm on the basis of daily stock 
price data. As Table 4 reports, the results suggest that cus- 
tomer satisfaction and complaint have a significant impact 
on the volatility of firm stock prices (smallest p « .05). By 
and large, the moderating results of working capital are also 
robust. Thus, these findings confirm that customer insights, 
such as satisfaction and complaint, influence the share- 
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TABEE:4 
Additional Results on the Impact-of Satisfaction 
and Complaint on the Volatility of Risk-Adjusted 


:Stock Return 
Dependent 
Variable = Volatility 
of-Risk-Adjusted 
‘Stock Return 
Lagged Independent Varlables Estimate p-Value 
Customer satisfaction —.329 i 
Customer complaint .557 "t 
Customer satisfaction x working 
capital —.108 * 
Customer complaint x working сара! —.315 ш 
Customer satisfaction x firm 
specialization —.008 n.s. 
Customer complaint x firm : 
specialization —.096 P 
*p < 10. 
“p< .05. 
“p< 01. 


Notes: n.s. = not significant. 


holder value of the firm with multiple channels (i.e., higher 
level and lower risk of stock prices). 


Modeling latent heterogeneity. We also checked the 
results after modeling latent heterogeneity with a random 
parameter robust Tobit model. The results appear in Table 3, 
Column 6. Again, these findings provide further support for 
our theoretical framework. That is, customer satisfaction 
diminishes the stock value gap (b = —.052, р < .05), and cus- 
tomer complaint enlarges the stock value gap (b = .113, p < 
.01). Again, (negative) complaint has a stronger impact than 
(positive) satisfaction on the stock value gap (Fag = 19.317, 
p « .01). Furthermore, as Table 3, Column 8, reports, work- 
ing capital strengthens (b = -.031, р < .05) the negative 
impact of customer satisfaction and weakens (b = —.079, p < 
.05) the positive impact of customer complaint on the stock 
value gap, thus providing more evidence for our 
hypotheses. 


Changes of customer satisfaction and customer com- 
plaint. We also checked whether changes in satisfaction 
and/or complaint over time have an impact on the stock 
value gap.!4 To test the dynamic effects, we first calculated 
differences for satisfaction and complaint from time t — 1 to 
time t. We used the resultant differences to test the impact 
of changes of lagged satisfaction and complaint on the 
stock value gap. Again, as Table 5 reports, the changes of 
lagged satisfaction still significantly affect the stock value 
gap (р < .05), and the changes of lagged.complaint also sig- 
nificantly affect the stock value gap (p < .01). Because prior 
marketing literature has focused on the levels of satisfaction 
or complaint, these additional findings on the changes of 
satisfaction and complaint over time and their performance 
implications also help extend the research stream on valu- 
ing customer equity. 

Moreover, we conducted Granger causality tests 
(Hamilton 1994, pp. 304—305) to check the time-based 





14We thank an anonymous reviewer for this suggestion. 
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TABLE 5 
Additional Results on the Impact of the Changes 
of Satisfaction and Complaint on Future Stock 


Value Gap 
Dependent 
Varlable = Stock 
Value Gap 
Lagged Independent Varlables Estimate p-Value 
Changes in customer satisfaction —.038 * 
Changes їп customer complaint .066 thi 
Changes in customer satisfaction x 
working capital —.071 
Changes in customer complaint x 
working capital —.113 * 
Changes in customer satisfaction x 
firm specialization —.009 n.s. 
Changes in customer complaint x firm 
specialization —.003 n.s. 
*p < .05. 
“p< .01. 


Notes. n.s. = not significant. 


causality from customer satisfaction and complaint to the 
stock value gap. The results suggest that past periods of 
higher customer satisfaction Granger causes a smaller stock 
value gap in the future (FGranger сашашу = 16.382, p < .01) 
and that past periods of higher complaint Granger causes a 
larger stock value gap in the future (FGranger causality = 
31.771, p « .01). 


Sample composition. Because of the possible sensitivity 
of our results to the sample composition, we conducted all 
analyses with samples in which we excluded two airlines 
from the data set. We did this test systematically with all 
possible sample composition. We found that the findings 
related to our hypotheses were not affected by such sample 
composition issues. Furthermore, we checked the effect of 
different time frames in sample composition. We reran the 
models with several different samples (Sensitivity Sample 1 
with data from Q1:1999 to Q4:2002 and Sensitivity Sample 
2 with data from Q1:2003 to Q4:2006). The results across 
these different samples consistently support our 
hypotheses.15 


SFM alternative models. Because the SFM approach 
may be sensitive to different assumptions about the distribu- 
tion of the estimated stock value gap, we analyzed addi- 


I5Because the USDT data cover 12 areas, it would be worth- 
while to check whether our results hold for different subdimen- 
sions of complaint. Specifically, because some areas include mini- 
mal data points (Luo 2007), we classify them into three 
subdimensions: service problem complaint (rude or unhelpful 
employees, inadequate meals or cabin service, and mistreatment of 
delayed passengers), flight problem complaint (flight cancella- 
tions, delays, or any other deviations from the schedule), and other 
complaint (other areas). Additional data analyses with these subdi- 
mensions of complaint consistently support our hypothesis-testing 
results regarding the impact of customer satisfaction and com- 
plaint on the stock value gap. 


tional SFM models (i.e., across SFM1 = half-normal, 
SENA = truncated-normal, and SFM3 = exponential distri- 
bution assumptions). In addition, we employed a Bayesian 
extension of SFM to accommodate more rigorously the 
unobserved complexity in the distribution of the estimated 
stock value gap. This approach (SFM4) incorporates the 
semiparametric Bayesian inference with an efficient 
Markov chain Monte Carlo sampler (Griffin and Steel 
2004). The results suggest that our measures of stock value 
gaps across ЅЕМІ, SEM2, SFM3, апа SFM4 models are 
robust (smallest г = .897, p « .10). We also tested alternative 
models with a nonparametric approach of data envelopment 
analysis (Charnes, Cooper, and Rhoades 1979; Luo 2004), 
which may complement the parametric approach of SFM. 
Again, the stock value gap results from SFM and data 
envelopment analysis are statistically correlated (smallest 
т = .682, p < .01), confirming the result robustness. Overall, 
these additional models and analyses show that the findings 
are reasonably robust regarding our theoretical framework 
on the role of customer satisfaction and complaint in the 
context of benchmarking the stock value gap. 


Implications 


This research was intended to examine the impact of cus- 
tomer insights on the stock value gap between the actual 
and the optimal market value of a firm. Based on bench- 
marking against best-performing competitors, our results 
suggest that customer satisfaction induces a smaller stock 
value gap, whereas customer complaint leads to a larger 
stock value gap. Our results also indicate that customer 
complaint has a relatively stronger impact than customer 
satisfaction on the stock value gap. Furthermore, the impact 
of customer satisfaction and complaint on the stock value 
gap may change depending on boundary conditions of 
working capital and firm specialization. Next, we present 
the theoretical and managerial implications of the results. 


Theoretical Implications 


We extend the literature on “valuing” customer equity 
(Gupta, Lehmann, and Stuart 2004; Rust, Lemon, and Zeit- 
haml 2004). To our knowledge, this is the first study that 
values customers by employing scientific econometric mod- 
els that can construct an optimal, objective, and stochastic 
benchmark with best practices. This technique not only 
adds modeling rigor to customer equity theory but also 
helps firms pinpoint actionable customer “levers” to 
enhance their core competencies for maximized stock 
value. For example, it shows more precisely how far 
customer satisfaction (complaint) should be enhanced 
(reduced) when benchmarked against best-performing com- 
petitors. In contrast, prior research has merely advised in a 
general way that any higher level of satisfaction (lower level 
of complaint) should be beneficial compared with average- 
performing rivals in a nonbenchmarking context. 

Moreover, according to customer equity theory, both 
positive experience (i.e., in the case of "angel" customers) 
and negative experience (1.е., in the case of “devil” cus- 
tomers) are indispensable parts of business reality. How- 
ever, previous research has studied customer satisfaction 


and customer complaint separately, likely leading to incom- 
plete and less powerful theoretical implications. In contrast, 
we consider both sides of customer insights that affect the 
stock value gap. A direct implication of our study is that 
though retaining satisfied customers is critical, handling 
complaining customers may help even more in optimizing 
firms’ stock value. These findings contribute to a finer- 
grained theory of customer equity. 

To scholars at the marketing-finance interface (Srivas- 
tava, Shervani, and Fahey 1998), our study is among the 
first to introduce underresearched financial metrics (firms’ 
optimal stock value and the stock value gap) to marketing. 
Indeed, finance now challenges marketing forcefully: 
*Within the firm, capital budgeting involves consideration 
of how a particular project [managing satisfaction and com- 
plaint] will affect firm value" (Palepu, Healy, and Bernard 
2000, p. 111). In this sense, our study helps quantify finan- 
cial returns to investments in complaint/satisfaction han- 
dling. More important, it also enables marketers to speak 
the same language as the financial community—that is, by 
not only articulating the financial benefit of intangible cus- 
tomer assets with customer satisfaction but also pointing 
out the financial harm of intangible customer liabilities with 
complaint. 

In addition, no prior research at the marketing—finance 
interface has uncovered the evidence that negative com- 
plaint has a relatively stronger effect on firm stock perfor- 
mance than positive satisfaction. Our study implies that 
investments in redressing the downside loss (complaint) of 
customer experience may matter even more than invest- 
ments in only improving the upside gain (satisfaction). 
Indeed, if the negative voice of the customer is “loud and 
clear" (Chevalier and Mayzlin 2006; Luo 2007), the asym- 
metric and stronger relative impact of complaint should be 
of strategic importance to close the stock value gap. 

We also extend prior research by uncovering the moder- 
ating role of working capital and specialization, which 
helps foster a contingency theory of the marketing-finance 
interface. We call for further research to investigate the fol- 
lowing questions: Do marketing investments in innovation, 
product quality, or channel partnerships have a financial 
impact that is asymmetric when benchmarked against best 
practices? What are the boundary conditions for this impact 
in the context of analysts' earnings forecast errors and 
investors' underreactions to intangibles? 


Managerial Implications 


Companies should build a more complete “customer equity 
dashboard,” which may consist of “blue” indicators (for 
positive customer experience, such as satisfaction, loyalty, 
and customer retention) and “red” indicators (for negative 
customer experience, such as complaint, switching, and 
customer churn). Customer insights may reveal both good 
news and bad news to financial markets. Thus, managers 
should not value customer satisfaction and customer com- 
plaint in isolation; rather, they should consider them in a 
duet (Carter 2006; McGregor et al. 2007; Rust and Chung 
2006). These full-spectrum parameters with both blue and 
red buttons help firms pulse and monitor not just their 
customer-based asset (value adders, such as happy cus- 
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tomers) but also their customer-based liability (value 
destroyers, such as complaining customers) over time. 

Furthermore, to optimize firm stock performance with a 
reduced stock value gap, companies should use a “carrot- 
and-stick" approach, for example, by establishing a 
companywide financial and strategic environment that not 
simply rewards good efforts that promote satisfaction but 
also punishes misconducts that induce complaint or obstruct 
complaint handling. Indeed, service failure (i.e., the extraor- 
dinary stumble at JetBlue Airlines) raises a red flag, indicat- 
ing that the brand equity of "customer service champs" can 
be diminished, if not totally destroyed (McGregor et al. 
2007). After all, our study shows that pursuing what is right 
for the customer (i.e., successful experience with more sat- 
isfaction and less complaint) can be in line with what is 
right for the firm (i.e., smaller value gap below the optimal 
benchmark). 

Moreover, managers should acknowledge firm contin- 
gencies when valuing customer insights. We find some evi- 
dence for the notion that the impact of satisfaction and com- 
plaint on the stock value gap may change depending on 
boundary conditions of working capital and firm specializa- 
tion. Firms may benefit more financially and become best 


performers if they can effectively mesh customer equity 
dashboard management and a supportive organizational 
environment (ie., "considering a chief customer officer, 
connecting employee pay to customer service, and involv- 
ing the very top" [McGregor et al. 2007, p. 63]). 


Conclusion 


Based on a rare, real-world database, our study sheds some 
new light on valuing satisfaction and complaint from the 
aspect of benchmarking and reducing the stock value gap. 
In light of this strength of the benchmarking methodology 
(it is optimal and stochastic and is compared with best- 
performance competitors), further research is empowered to 
move beyond the nonoptimal, nonstochastic benchmark that 
consists only of average performers. We are hopeful that 
further marketing studies can relate brand equity, product 
quality, and innovation to the financial metric of a stock 
value gap to the optimal benchmark (Gupta and Zeithaml 
2006; Rust, Lemon, and Zeithaml 2004; Srivastava, Sher- 
vani, and Fahey 1998). In doing so, research may provide 
refreshing evidence regarding how marketing can help 
maximize stock performance and close the stock value gap. 
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When Intelligence Is (Dys)Functional 
for Achieving Sales Performance 


Using two samples of salespeople, the authors investigate how a combination of general mental ability (GMA) and 
specific skills and capabilities (soclal competence and thinking styles) enables salespeople to reach their sales 
goals. The study finds evidence for an interaction between GMA and social competence. When combined with high 
social competence, high GMA leads to the highest sales performance; when combined with low soclal competence, 
high GMA leads to the lowest sales performance. In addition, the authors find interaction effects between GMA and 
a judicial thinking style. Salespeople with a high GMA have the most potential for attaining high levels of sales 
performance when combined with specific skills; when salespeople with a high GMA lack these skills, thoy may 


become the firm's worst performers. 


Keywords: sales, knowledge-based marketing, general mental ability, social competence, shaping 


intensive, salespeople are tending to sell knowledge- 

based solutions to customers (Bettencourt et al. 
2002). An essential part of selling knowledge-based solu- 
tions is transferring knowledge to customers; therefore, 
salespeople need to act as knowledge brokers (Sarvary 
1999). During the sales interaction, both the salesperson 
and the customer play an active role and, together, cocreate 
a solution (Vargo and Lusch 2004). This cocreation process 
takes place through conversations between the customer 
and the salesperson. For example, salespeople share analo- 
gies and cases they previously experienced with other cus- 
tomers to substantiate their solutions (Wierenga and Van 
Bruggen 1997), and such cases help customers (re)frame 
and better understand their own needs and conceive of pos- 
sible solutions that fit those needs (Wotruba 1991). As a 
consequence, customers may make smarter buying choices 
that (ideally) conform to the salesperson's solutions and 
sales propositions (shaping) (e.g., Cross and Sproull 2004). 
Shaping refers to a cognitive process by which customers, 
instilled by the salesperson, develop a new representation or 
concept of their business environment; this results in the 
development of a new product space (see Rosa et al. 1999). 
During this social construction of knowledge-based 
solutions, customers constantly challenge salespeople's 
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absorptive capacity (Cohen and Levinthal 1990). Intuitively, 
it might be argued that cognitive ability, g-factor, or general 
mental ability (GMA), which reflects a person's innate abil- 
ity to think flexibly and reason abstractly (Sternberg 2003, 
p. 20), should play a prominent role. Although this argu- 
ment may seem straightforward, a closer examination of 
the literature reveals a debate about this issue. Many 
researchers argue that GMA is a predictor of job perfor- 
mance (e.g., Kuncel, Hezlett, and Ones 2004; Schmidt and 
Hunter 2004). Indeed, in their meta-analytic study, Hunter 
and Hunter (1984) show that GMA predicts salespeople's 
performance particularly well. However, others report non- 
significant and close-to-zero correlations between GMA 
and job performance (e.g., Ceci and Liker 1986; Wagner 
and Sternberg 1985). Furthermore, Vinchur and colleagues 
(1998) and Schmitt and colleagues (1984) show only mar- 
ginal correlations between GMA test scores and sales per- 
formance in their meta-analytic studies. Thus, the evidence 
regarding the relationship between GMA and job perfor- 
mance is mixed. 

How can these conflicting findings be explained or inte- 
grated? Sujan, Weitz, and Kumar (1994) and Cron and col- 
leagues (2005) propose that traditional views of intelligence 
assessed through GMA tests are too narrow and should be 
replaced by a contextual perspective. Contextual intelli- 
gence refers to specific applications of a person's intelli- 
gence, which, in the context of personal selling, are cap- 
tured, for example, by the concepts of social competence 
and thinking styles (Sternberg 1997). As Sujan, Weitz, and 
Kumar (1994, p. 40) note, "contextual intelligence requires 
planning or mental preparing, being confident in one's abil- 
ity to alter behavior, and making situationally appropriate 
adjustments to behavior" Consistently, we propose that 
GMA in itself does not predict job performance. Only in 
interaction with other aspects of intelligence will it have a 
significant predictive value in explaining job performance. 
Such a perspective is called the "factorial view" of intelli- 
gence. Metaphorically speaking, GMA “15 to psychology as 
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carbon is to chemistry" (Kuncel, Hezlett, and Ones 2004, p. 
148) because it needs to be combined with specific skills, 
such as social competence, to show its effects. For example, 
salespeople not only should possess a thorough understand- 
ing of the ideas behind the solutions/services they sell to 
customers (conceptual product space; see Rosa et al. 1999) 
but also should be able to present that knowledge in relevant 
and timely ways to customers so that they understand the 
service's or product's value for their firm. Similarly, 
although abilities such as GMA may be important for exe- 
cuting cognitively taxing tasks, this abstract ability must be 
applied in concrete situations; being highly intelligent is of 
no value to a salesperson if he or she does not use this intel- 
ligence for specific purposes—for example, to analyze the 
customer's situation, judge it, find an appropriate solution 
that satisfies the customer's needs, and communicate the 
solution in clear terms. As Sternberg (1997, p. 9) notes, 
"How people prefer to think might just be as important as 
how well they think.” 

The goal of this article is to present and test the hypoth- 
esis that the relationship between GMA and job perfor- 
mance is moderated by other capacities and skills of the 
employee. Specifically, we test our predictions in a sales 
setting. We present a factorial view on intelligence that 
incorporates two main dimensions: GMA as a person's cog- 
nitive "hardware" and social competence and thinking 
styles as the corresponding "software." We hypothesize that 
the effect of salespeople's GMA on their performance is 
contingent on the way they apply and use their cognitive 
software during customer interactions. We test this hypothe- 
sis in two samples. In a first study, we investigate a sample 
of salespeople in one specific company who sell advertising 
space to business customers. In a second study, we try to 
validate the findings of the first study and test their general- 
izability in a sample covering different industries and 
involving complex, knowledge-intensive sales tasks. 


The Role of Knowledge in Sales 


Authors in sales (e.g., Weitz and Bradford 1999; Wotruba 
1991) note that salespeople's role has changed from order 
taking to partnering/procreation. They distinguish among 
the provider/production stage (e.g., informing customers 
about the firm's offerings), the persuader stage (e.g., influ- 
encing customers by using hard-selling techniques), the 
problem-solver/marketing stage (e.g., influencing cus- 
tomers by practicing adaptive selling), and the procreation/ 
partnering stage (e.g., coproducing business solutions with 
customers). As Vargo and Lusch (2004) argue, according to 
a goods-centered dominant logic, knowledge is treated 
largely as an exogenous factor, whereas according to a 
service-centered dominant logic, a salesperson’s skills and 
knowledge are key resources that render services or pro- 
duce effects. Thus, knowledge is an endogenous factor in 
today’s knowledge-based economy (Romer 1986). Vargo 
and Lusch’s distinction shows similarities with the sales 
stages that Wotruba (1991) and Weitz and Bradford (1999) 
introduce. Whereas the first three stages may be viewed as 
indicators of a goods-centered economy, the procreation/ 
partnering stage can be linked to a service-centered econ- 


omy in which knowledge takes a prominent role in explain- 
ing exchanges between firms. 

To understand and predict the performance of sales- 
people who operate in:the-first Шгее- stages, researchers 
have primarily focused on salespeople's social skills and 
abilities and have ignored the role of' knowledge (e.g., a 
good understanding of the product space or the customer's 
industry; see Weitz and Bradford 1999). Prominent exam- 
ples are boundary role theory, which concentrates on how 
salespeople enact a'set of activities or behaviors that are 
determined by the expectations and demands communi- 
cated by the salesperson's role set members (e.g., cus- 
tomers, managers) (Churchill, Ford, and Walker 1990), or 
adaptive selling, which refers to salespeople's ability to 
fashion different sales presentations for different (segments 
of) customers (Spiro and Weitz 1990). However, as the 
current-day marketplace enters the partnering/procreation 
stage, salespeople determine the "buyer's problems or needs 
and the solutions to those problems or needs through active 
buyer-seller collaboration and then [cocreate] a market 
offering uniquely tailored to match those specific needs of 
each individual customer" (Wotruba 1991, p. 4). Thus, it 
might be expected that researchers on sales should focus on 
the acquisition and transfer of knowledge as a key variable. 
However, much of the research on sales in the partnering/ 
procreation stage has focused on salespeople's ability to 
attain customers' trust (e.g., Morgan and Hunt 1994) and to 
establish long-term relationships with them (e.g., Anderson 
and Weitz 1992). Again, these research questions are mainly 
centered on social skills and neglect the role of knowledge 
and related cognitive abilities. In this study, we perceive 
salespeople as knowledge brokers (e.g., Sarvary 1999); 
thus, we add a focus on cognitive abilities—that is, GMA— 
to the research agenda. 


GMA and Its Relevance to the Sales 
Domain 


General mental ability refers to a person's aptitude to 
engage in complex tasks that require mental manipulation; 
this manipulation of information includes discerning simi- 
larities and inconsistencies, drawing inferences, and grasp- 
ing new concepts, and it reflects intelligence in action 
(Gottfredson 1999). Compared with salespeople with low 
GMA, salespeople with high GMA are better able to learn 
to analyze and describe solutions related to, for example, 
logistics, to distinguish between different features of 
technology-based solutions and/or products, and to express 
clearly how their solutions differ from those of the competi- 
tors. However, GMA has created a debate on its content 
validity, especially with the publication of Herrnstein and 
Murray's (1994) book, The Bell Curve. For example, some 
authors argue that the source of variation in IQ test scores is 
not cognitive but rather arises from a "nexus of 
sociocognitive-affective factors determining individuals' 
relative preparedness for the demands of the GMA test" 
(Richardson 2002, p. 288). Critics of GMA also focus on 
the predictive validity of GMA test results for job perfor- 
mance. They argue that GMA is merely one element in a 
factorial (modular) system of intelligence, which, in some 
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views, consists of dozens of separate abilities that are 
needed to be successful in everyday life and in professional 
life (Mackintosh 1998; Neisser et al. 1996). Whereas the 
unitarian view argues that a general factor of intelligence 
(GMA) holds predictive validity for job performance, 
scholars taking a "factorial approach" propose that a 
broader conception of intelligence (beyond GMA) that 
encompasses capabilities to cope with tasks of everyday life 
(i.e., software, such as social competence) results in better 
predictions of job performance (Carroll 1993; Sternberg et 
al. 1981). These conclusions have been supported by recent 
meta-analytic studies on the relationship between GMA and 
sales performance, which show that GMA is unrelated to 
(objective) sales performance (see Farrell and Hakstian 
2001; Vinchur et al. 1998). As Bertua, Anderson, and Sal- 
gado (2005, p. 399) argue, "in the case of sales occupations, 
additional moderators may impact on the validity of GMA 
tests" Research on GMA and job performance has mostly 
investigated the main effects of GMA in terms of additional 
explanatory value compared with other factors, such as per- 
sonality (Barrick, Mount, and Strauss 1994). To date, only a 
few studies have investigated the interaction between GMA 
and other variables for predicting job performance in gen- 
eral (social competence: Ferris, Witt, and Hochwarter 2001; 
emotional intelligence: Cote and Miners 2006) or sales per- 
formance in particular (conscientiousness: Mount, Barrick, 
and Strauss 1999; attributional style: Corr and Gray 1995). 
Consistent with the factorial approach of intelligence, 
authors in sales argue that salespeople need GMA as hard- 
ware, for example, to understand the concepts behind the 
products and solutions they sell, which may be complex. 
However, in addition, they need software, such as specific 
skills that allow them to apply their GMA in effective ways 
and to achieve high contextual intelligence (Cron et al. 
2005; Sujan, Weitz, and Kumar 1994). In what follows, we 
investigate the role of two specific types of software for the 
area of personal selling: social competence and thinking 
styles. Social competence is a crucial factor in selling 
because the personal interaction with people inside and out- 
side the firm is a key aspect of sales. At the same time, 
salespeople also act as knowledge brokers who need to 
manage different sources of knowledge (e.g., create new 
knowledge and help customers integrate it into their exist- 
ing knowledge; see Weitz and Bradford 1999); key activi- 
ties of this knowledge-brokering role are captured by the 
concept of thinking styles. To our knowledge, the effects of 
these variables (and, in particular, their interaction with 
GMA) have not been investigated in a sales context to date. 


Social Competence 
Social competence is reflected in salespeople's interper- 
sonal perceptiveness and the capacity to adjust their cogni- 
tive abilities to different situational demands to influence 
and control (if needed) the response of others—predomi- 
nantly, their customers (see Goleman 2006; Wright 2002). 
The concept of social competence resembles the construct 
of adaptive selling in the sales literature (i.e., salespeople's 
capacity to alter their sales approaches during or across cus- 
tomer interactions on the basis of their perceptions of the 
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nature of the selling situations; see Spiro and Weitz 1990, p. 
62). However, social competence is broader than adaptive 
selling; social competence enables salespeople to observe 
customers’ behaviors within their own social context and to 
interpret their intentions, goals, and needs. This is the basis 
for interacting in ways that are mutually beneficial to both 
the customer and the salesperson. Examples are giving 
thoughtful explanations of a product/service at the right 
time to the right person or realizing and correctly under- 
standing a customer's needs or unexpressed resistances so 
as to explain properly what a solution means for the cus- 
tomer (perspective taking) (e.g., Zaltman 2003). Similarly, 
Gardner (1993) notes that people with good social skills not 
only are more successful in understanding and reading 
social interactions but also are more adept at evaluating oth- 
ers’ opinions of their own capacities (Goleman 2006). Some 
authors use the term “social intelligence” (e.g., Goleman 
2006); however, as other researchers argue (e.g., Ferris, 
Witt, and Hochwarter 2001; Hogan and Shelton 1998), 
social competence may be a more appropriate label for the 
construct because it is not a stable personal ability, such as 
СМА, but rather is learned through training and personal 
experiences. 


Thinking Styles 
Sternberg (1997) introduces the concept of thinking styles, 
defined as a person’s preferred way of using his or her cog- 
nitive information-processing abilities. Thus, thinking 
styles are part of a person’s software and do not correspond 
to cognitive abilities as GMA does. Thinking styles reflect 
different ways that people organize or govern themselves, 
and in this sense, they refer to a theory of self-government 
(Sternberg 1997). Salespeople need to learn constantly from 
new and different sources in their sales job (customers, new 
products and technologies) (Vargo and Lusch 2004) such 
that they acquire heterogeneous knowledge (Rodan and 
Galunic 1999) or strategic knowledge (Weitz and Bradford 
1999). In this sense, Weitz and Bradford (1999, p. 249) note 
that that ideal candidates for a sales position in a partnering 
era are those that have worked in various functional areas of 
the firm and have experience with the buying firm to which 
they will be assigned as well as the buying firm’s industry. 
Salespeople who can integrate different sources of knowl- 
edge experience increasing returns in their absorptive 
capacity because the more heterogeneous knowledge they 
integrate, the more they can absorb new knowledge from 
different sources, and ultimately, the better they can shape 
their customers (Dickson, Farris, and Verbeke 2001; Romer 
1986). Thinking styles reflect the way salespeople integrate 
and transfer that knowledge (e.g., by developing creative 
new solutions, by strictly following existing sales scripts). 
Indeed, thinking styles offer a way to analyze the relation- 
ship between intelligence and performance. As Sternberg 
(1997, p. 9) notes, thinking styles may be a powerful source 
of unexplained variation in job performance. Research has 
shown that by adding thinking styles, the predictive validity 
of intelligence for academic achievement could be 
increased (Grigorenko and Sternberg 1997; Zhang 2001). 
Therefore, we elaborate on three thinking styles that repre- 


sent the functions of self-government: executive, judicial, 
and legislative (Sternberg 1997). 

The executive style can be found among people who 
prefer to implement and carry out procedures. They like to 
follow rules, figure out which of already existing ways they 
should use to get things done, and prefer problems that are 
prefabricated or prestructured. People characterized by an 
executive thinking style are particularly valuable for com- 
panies that have codified procedures for sales campaigns. 
People who like to evaluate rules and procedures score high 
on a judicial thinking style. They enjoy making judgments 
and prefer problems that require analyzing and evaluating 
existing ideas. An example is a salesperson who tries to 
investigate the benefit of a certain solution he or she has 
used previously in one industry for a new customer in 
another industry. A legislative style characterizes people 
who enjoy creating and formulating new solutions to prob- 
lems (creative play). They prefer problems that are not pre- 
structured or prefabricated; rather, they prefer to structure 
the problem themselves. Thus, legislative salespeople try to 
be creative and find new solutions for customer problems, 
treating every customer as a new case that requires a new, 
unique solution. 


Hypotheses 


In today's increasingly knowledge-based economy, sales- 
people must constantly assimilate and combine hetero- 
geneous knowledge of solutions and markets (Rodan and 
Galunic 2004; Weitz and Bradford 1999). Consequently, 
they also need to transfer this knowledge to customers and 
stimulate a learning process; customers then may frame 
their own business situation in new ways, thus enabling 
salespeople and customers to create a tailored solution 
jointly (Cross and Sproull 2004; Wotruba 1991). This 
knowledge-based cocreation process requires salespeople to 
have elevated cognitive abilities (GMA), which need to be 
used in social situations and applied to specific practical 
problems. Therefore, we discuss possible interactions 
between a salesperson's GMA (hardware) and his or her 
different skills and abilities (software)—specifically, social 
competence and the three previously mentioned thinking 
styles. 


GMA and Social Competence 


Salespeople with a high social competence and a high 
GMA will be able to use the essential concepts of their 
solutions/services (GMA) (product spaces) and to explain 
them in a language that fits their customers’ concerns. Not 
only are they able to break down complex aspects of the 
product (space) into specific parts, but they also do so in 
ways that are relevant to a customer; they can ask the right 
questions such that they gain insights into the customer’s 
needs and problems. In turn, such an understanding enables 
them to develop and communicate tailored’ solutions for 
customers. They can also compare their solutions with their 
competitors’ offers and express them in clear terms such 
that customers can absorb the information, imagine what a 
proposed solution means for them, and then make informed 
choices. Specifically, in such situations, customers feel psy- 


chological safety (e.g., Edmondson 1999) to structure and 
explore new ways to formulate their business problems and 
needs and to validate their own intuitions and observations 
(Cross and Sproull 2004). In addition, salespeople with 
high GMA and social competence can provide arguments 
such that people at the customer’s firm (e.g., other members 
of a buying center) become enthusiastic about the presented 
solution, thus creating an emergent platform within the buy- 
ing firm that is in favor of the salesperson and supports his 
or her sales propositions (e.g., Dawes, Lee, and Dowling 
1998). 

Conversely, salespeople with high social competence 
but low GMA may be able to understand the social environ- 
ment in which their customers operate, but they may have a 
lower understanding of the concepts of their products/ 
services (product space). Therefore, they may be less able 
to explain and/or codify clearly how their solutions fit the 
customer’s needs or how their offer differs from those of 
their competitors. Thus, although they may have a good 
understanding of the customer’s concerns or political coali- 
tions within a buying center, they will likely not be able to 
analyze the customer’s business correctly or to develop 
matching solutions that fit the customer’s long-term goals. 
As a consequence, stimulating and fruitful conversations as 
the source of the cocreation of a successful business solu- 
tion cannot emerge (Ferris, Witt, and Hochwarter 2001). 
Customers who are well informed may even be embar- 
rassed to talk to salespeople that act socially competent but 
are unable to express the concepts on which their solutions 
are based. Therefore, we posit the following: 


Hı: Social competence and GMA have a multiplicative impact 
on sales performance. Specifically, salespeople’s GMA 
has a positive effect on their sales performance when com- 
bined with high social competence. 


GMA and Thinking Styles 


An executive thinking style is particularly conducive to 
handling problems that are well structured and for which 
the organization has a set of rules or guidelines (Sternberg 
1997; Zollo and Winter 2002). Salespeople who often use 
an executive thinking style but score low on GMA may pre- 
fer to enter sales conversations while relying on sales pre- 
sentations or elaborating on solutions that colleagues have 
already codified (Hansen, Nohria, and Tierney 1999; 
Walker, Kapelianis, and Hutt 2005). Clear codification of 
solutions can improve the knowledge transfer to their cus- 
tomers (Kogut and Zander 1996) and may help customers 
structure their own perceptions and intuitions (Leigh and 
Rethans 1984). However, salespeople with high GMA who 
make strong use of an executive thinking style will perform 
relatively better using this codified knowledge and may 
have an advantage in these situations. For example, 
although salespeople may go through a scripted sales pre- 
sentation (Leigh and Rethans 1984), they need to respond to 
new and unanticipated questions by quickly analyzing the 
situation and finding an appropriate, nonscripted answer or 
solution. Therefore, salespeople who score high on both 
ОМА and an executive thinking style will perform better. 
Thus, we hypothesize the following: 
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H2: Executive thinking style and GMA have a multiplicative 
impact on sales performance. Specifically, salespeople’s 
GMA has a positive effect on their sales performance 
when combined with a high use of an executive thinking 


Style. 


Salespeople are perceived as trusted advisers when they 
are capable of making relevant judgments and recommen- 
dations (based on their experiences of similar cases for 
other customers) about whether the products/services they 
sell fit the customer’s state of affairs before making a con- 
crete sales proposal. This enables the customer to reformu- 
late his or her own business problems and to validate his or 
her own intuitions about potential solutions (Cross and 
Sproull 2004). This judging occurs through analogical rea- 
soning; that is, by thoroughly investigating the customer’s 
situation by asking questions, salespeople can transfer use- 
ful wisdom to the customer from similar settings (source) 
they have experienced in the past or from previous business 
cases stored in their memories (e.g., Gavetti, Levinthal, and 
Rivkin 2005; Wierenga and Van Bruggen 1997; Zaltman 
2003). Salespeople with high GMA who make strong use of 
a judicial thinking style will be able to manage this analog- 
ical reasoning process better; that is, they will more effec- 
tively attend to meaningful or deep features of a customer’s 
business problems and then look for similar patterns in 
cases they have experienced themselves or learned through 
colleagues or the business literature. This enables them to 
isolate relevant causes and effects when evaluating similar 
business situations and to avoid analogies that may be used 
frequently but share only superficial communalities 
between target (customer) and source (business case) (e.g., 
Gavetti and Rivkin 2005; Holyoak and Thagard 1995). The 
better the analogies the salesperson uses, the better cus- 
tomers can (re)structure and (re)frame their own business 
situation (and, thus, their needs), which enables them to 
make better informed choices regarding the salesperson’s 
concrete solution; in turn, this enhances the salesperson’s 
status as a trusted adviser. Conversely, salespeople with low 
СМА who strongly use a judicial thinking style may enjoy 
making analogies, but their analogies may only be super- 
ficial; that is, their low understanding of both the customer 
and the business case makes them prone to select only the 
most obvious features from both target and source, leading 
to analogies that are not meaningful to ‘customers (Gavetti 
and Rivkin 2005). Therefore, we predict the following: 


Hg: Judicial thinking style and GMA have a multiplicative 
impact on sales performance. Specifically, salespeople’s 
GMA has a positive effect on their sales performance 
when combined with a high use of a judicial thinking 
style. 


When salespeople engage in legislative thinking, they 
come up with new ideas and problem formulations through 
divergent thinking (sourcing and understanding of knowl- 
edge from various situations) and convergent thinking 
(combining these ideas into a meaningful and relevant solu- 
tion) (Perry-Smith and Shalley 2003). These new insights 
may help salespeople and their customers view their situa- 
tion and problems from a new and fresh perspective 
("thinking outside the box"). However, prior meta-analyses 
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of sales could not provide evidence for any significant 
effect of salespeople’s creativity on their sales performance 
(e.g., Barrick and Mount 1991; Vinchur et al. 1998). Sales- 
people with high GMA who make strong use of a legislative 
thinking style will likely source knowledge from a wide 
range of industries and disciplines such that complex, elab- 
orated metaphors are created. Their high GMA and creative 
thinking styles may produce business solutions (creations) 
that only experts in the field understand (e.g., Moreau, 
Lehmann, and Markman 2001). This ability to create new 
concepts may become a handicap for the salesperson 
because customers may view these new concepts as too far- 
fetched, elaborated, and detailed (e.g., metaphors that have 
a clear scientific foundation). Consequently, such concepts 
may prohibit customers from structuring their own ideas 
and intuitions during encounters with the salesperson. In 
addition, highly innovative ideas may provoke conflict and 
resistance in customers who are averse to change (e.g., 
Janssen, Van de Vliert, and West 2004). Salespeople with 
lower GMA who engage in legislative thinking will likely 
develop concepts of lower complexity that may be easier to 
understand for customers and, therefore, are more attractive 
and appealing. Consequently, creative salespeople with low 
GMA may be perceived as original and within comprehen- 
sible limits. Thus, we propose the following: 


На: Legislative thinking style and GMA have a multiplicative 
impact on sales performance. Specifically, salespeople’s 
GMA has a negative effect on their sales performance 
when combined with a high use of a legislative thinking 
style. 


Study 1 


Method 

Procedure and respondents. A Dutch company selling 
print advertising provided its cooperation, and all its 171 
salespeople participated in the study. Selling advertising 
space requires a thorough knowledge of different advertise- 
ment media and involves communicating how, within a 
rapid changing cross-media environment, advertisements 
can reinforce the other messages of firms. Moreover, media 
research companies provide support material for sales- 
people in terms of tools that enable them to calculate and 
communicate concrete advertisement information to cus- 
tomers (e.g., terms such as “gross rating points” or the 
amount of exposure to a specific target audience are most 
commonly used); in this sense, the sales task is rather well 
structured. 

The questionnaire consisted of a test for measuring 
СМА, followed by several scales that assessed participants’ 
social competence and thinking styles. In addition, the com- 
pany provided objective one-year sales performance figures 
(sales volumes) for each salesperson. Respondents filled in 
the questionnaire in groups of ten in the presence of one of 
the researchers. The sample can be described as follows: 
Two-thirds (67%) of the participants were men; 25% were 
younger than age 30, 40% were between the ages of 30 and 
40, 20% were between the ages of 40 and 50, and 15% were 
older than age 50; and the majority had completed the 


equivalent of high school (3196) or vocational training 
(34%), 29% had graduated from college, and 6% held a uni- 
versity degree. 

Measures. We measured GMA with the Dutch version 
(Drenth 1965) of the test of nonverbal reasoning. The test 
consists of 40 exercises. Each exercise consists of ten fig- 
ures. The first four figures are somewhat similar to one 
another, and two of the remaining six figures fit with these 
four. The respondent needed to determine which two of the 
remaining six figures fit. The test also comprises a time 
component; the maximum time span available for finding 
the correct solutions is 20 minutes. The test is nonverbal in 
character and captures a person's ability to abstract, refer- 
ring to the perception of relationships between abstract pat- 
terns between figures. Such ability corresponds to Spear- 
man's (1904) g-factor and Thurstone's general factor (see 
Gottfredson 1999). The test correlates significantly with the 
Raven's progressive matrices (Drenth, Van Wieringen, and 
Hoolwerf 2001). 

We measured social competence with Shafer’s (1999) 
social competence scale. The instrument is based on Stern- 
berg and colleagues' (1981) social competence scale and 
consists of ten items, including "I deal effectively with 
people." We measured the three thinking styles with three 
items (executive and judicial style) and four items (legisla- 
tive style) taken from the work of Sternberg (1997). 
Responses were given on a seven-point scale ranging from 
"completely disagree" to "completely agree" Example 
items are “Т enjoy working on things that I can do by fol- 
lowing directions" (executive style); "I like situations where 
I can compare and rate different ways of doing things" 
(judicial style); and “When facing a problem, I use my own 
ideas and strategies to solve it" (legislative style). 

To test whether the three thinking styles can be differen- 
tiated empirically, we conducted a confirmatory factor 
analysis. Satisfactory model fits are indicated by nonsignifi- 
cant chi-square tests, root mean square error of approxima- 
tion (RMSEA) values less than .08, and comparative fit 
index (CFI) and Tucker-Lewis index (TLI) values greater 
than or equal to .90 (e.g., Marsh, Balla, and Hau 1996). The 
results show that the proposed three-factor model provides 
a satisfactory fit to the data (%2(32) = 62.70, CFI = .92, 
TLI = .90, goodness-of-fit index [GFI] = .93, and 
RMSEA = .07). Because all three thinking styles reflect a 
person’s cognitive style of using his or her GMA, we also 
tested the fit of a one-factor model for the three thinking 


styles. The results indicate that this one-factor model pro- 
vides an unsatisfactory fit (y2(35) = 245.54, CFI = .50, 
TLI = .36, GFI = .76, and RMSEA = .19) and a signifi- 
cantly worse fit than the three-factor model (А%2(3) = 
182.84, p < .01). 

We measured sales performance using the net sales vol- 
umes (in euros) of the participating salespeople in the year 
preceding this study. That is, we subtracted the person’s 
sales target from his or her total sales volume to correct for 
prize and regional influences. In Study 1, we used the 
objective data as recorded by the company. The descrip- 
tives, intercorrelations, and reliabilities of the measures 
appear in Table 1. 


Results 


To test the hypotheses, we carried out a hierarchical linear 
regression analysis with sales performance as the dependent 
variable. In the first step, we included the three thinking 
styles, social competence, and GMA as the independent 
variables. In the second step, we added the interaction 
between GMA and social competence. In the final step, we 
included the interaction terms of GMA on the one hand and 
the three thinking styles on the other hand. We included 
interaction terms in the analysis by adding the multiplica- 
tive products of the scores of the interacting variables 
(Aiken and West 1991). All variables in the analysis were 
centered around their means. Table 2 summarizes the results 
of the regression analysis. 

General mental ability, social competence, and the three 
thinking styles explained 6% of the variance in sales- 
people's net sales volume. Adding the GMA x social com- 
petence interaction term explained an additional 296 of the 
variance (F-change — 4.35, p « .05). When we added the 
interaction effects between GMA and thinking styles, 
another 696 of the variance in net sales volume was 
explained (F-change = 3.16, p « .05), resulting in a final 
explained variance of 1496. 

Specifically, both an executive and a judicial thinking 
style had a significant main effect on salespeople's perfor- 
mance (В = .26, p < .01, and B = —.19, р < .05, respectively). 
Salespeople achieved a higher sales volume to the extent 
that they made use of an executive thinking style and 
avoided making use of a judicial thinking style. More rele- 
vant for the current study, a legislative thinking style in 
interaction with GMA produced a significant, negative 
effect on performance (В = —23, р < .01), as we hypothe- 





TABLE 1 
Means, Standard Deviations, Intercorrelations, and Rellabilitles of the Variables in Study 1 (N = 171) 
M SD 1 2 3 4 5 6 
1. GMA 49.32 12.75 (.87) 
2. Soclal competence 5.62 .68 .03 (.76) 
3. Legislative thinking style 5.53 .76 —.01 .33** (.76) 
4. Executive thinking style 4.66 ‚95 —.08 .08 .34** (.74) 
5. Judicial thinking style 4.84 .89 —.02 .27** .19* .30** (.70) 
6. Sales performance —1554.17 25,845.45 —.16* —.01 .03 14 —.08 (М.А.) 
*p < 05. 
“p< 01. 


Notes: Cronbach's alphas are on the diagonal. М A. = not applicable. 
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TABLE 2 
Findings of the Regression Analysis in Study 1 (Standardized Regression Coefficients) 


Dependent Varlable: Sales Volume 





Independent Varlables Step 1 Step 2 Step 3 
Maln Effects 
GMA —.15 —.12 —.06 
Soclal competence .02 .01 .01 
Legislative thinking style —.01 —.01 —.01 
Executive thinking style 17 .20* .26** 
Judicial thinking style —.15 —.15* —.19* 
Interaction Effects 
СМА x social competence .17* .24“ 
GMA x legislative style —.23** 
GMA x executive style —.05 
GMA x judiclal style .19* 
F-value (p-value) 1.80 (n.s.) 2.26 (p « .05) 2.63 (p « .05) 
R? .06 .08 .14 
*р < .05. 
**p < .01. 


Notes: n.s. = not significant. 


sized. The direction of the effect changes in the interaction 
between a judicial thinking style and GMA (В = .19, p « 
.05), resulting in a significant, positive effect on sales per- 
formance. In addition, as we predicted, the interaction 
between GMA and social competence had a significant, 
positive impact on sales performance (В = .24, p < .01). The 
GMA x executive thinking style interaction was not signifi- 
cant (B = -.05). 

As several authors (e.g., Aiken and West 1991) recom- 
mend, we plotted the interaction effects for full interpreta- 
tion of the results: We fixed the contingent variable (i.e., the 
software: social competence and thinking styles) at high 
versus low levels, defined as one standard deviation above 
or below the mean score. The corresponding plots appear in 
Figure 1. Here, we similarly defined high and low values of 
GMA as one standard deviation above or below the mean 
value. 

Consistent with H,, Figure 1, Panel A, shows that GMA 
has a positive relationship to sales volume but only when 
salespeople are high in social competence. Salespeople with 
low social competence attain lower sales volume with 
increasing GMA. We find a similar pattern for the inter- 
action between a judicial thinking style and GMA (see Fig- 
ure 1, Panel B). General mental ability is positively related 
to sales performance for people who make strong use of a 
judicial thinking style. In contrast, for salespeople who do 
not use a judicial thinking style, GMA is negatively related 
to performance. This means that Н» is also substantiated. 
Finally, Figure 1, Panel C, shows the opposite effect for 
GMA and a legislative thinking style. Here, GMA is nega- 
tively (positively) related to sales volume when legislative 
thinking style is high (low), in support of H4. All slopes are 
significantly different from zero at p « .05, with the excep- 
tion of the regression of GMA on performance for a high 
judicial thinking style; here, the slope is only marginally 
significant (p « .10). 
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Discussion 


The findings show that salespeople scoring high on both 
social competence and GMA achieved the highest sales per- 
formance. Salespeople might need the ability both to ana- 
lyze and express the strengths of their own solutions (prod- 
uct space) and to understand customers' needs and issues 
such that customers and salespeople both can cocreate a 
solution. Notably, we found that salespeople who scored 
high on GMA and low on social competence achieved the 
lowest sales performance. Imagine a salesperson who is 
good at analyzing, codifying, and expressing information 
about complex business issues but is not aware, for exam- 
ple, that this information exceeds the customer's ability 
(absorptive capacity) or is insensitive to the political issues 
involved in the customer's buying decision process. Such a 
salesperson might make customers feel uncomfortable, 
which in turn restrains them from reframing their own prob- 
lems or issues, causing their actual needs to remain unex- 
pressed. Casciaro and Lobo (2005) label such salespeople 
as "competent jerks." In other cases, some customers may 
feel insulted that they cannot easily follow the high-GMA 
salesperson's arguments and propositions, and as an excuse, 
they may categorize the salesperson as abstract, aloof, and 
even politically inappropriate, causing them to communi- 
cate in defensive ways. 

We also found that salespeople with a low judicial 
thinking style but a high GMA may be at a disadvantage. 
The higher the GMA of the salesperson, the more he or she 
may provide abstract and complex solutions to a customer's 
business problem without placing them in a specific con- 
text. Consequently, it becomes difficult for the customer to 
understand the salesperson. Instead, the customer may need 
concrete and solid business cases or analogies to imagine 
how solutions apply to his or her own business situations 


FIGURE 1 
Interaction Effects of GMA on Sales Performance (Study 1) 
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(cf. Cross and Sproull 2004; Wierenga and,Van Bruggen 
1997), which salespeople with low judicial thinking and 
high GMA may not be able to provide. 

Surprisingly, we found that regardless of the sales- 
person's GMA, a low use of a judicial thinking style led to 
higher sales performance than a high use of a judicial think- 
ing style. This finding can perhaps be explained by the 
nature of the specific sales task we investigated in this 
study. Selling advertisement space, though it may require 
judging how a specific advertisement reinforces other 
media messages from a firm within a larger media space, 
may be conceived of as a well-structured task. Specifically, 
sales scripts were available, and salespeople had only a lim- 


ited number of potential sales options. In this respect, suc- 
cessful salespeople did not (need to) refer to analogical rea- 
soning and illustrative cases. This is consistent with two 
other findings: First, the application of an executive think- 
ing style (i.e., following sales scripts) has a positive (main) 
effect on sales performance. Second, a combination of a 
bigh legislative thinking style and a high GMA led to the 
lowest sales performance; salespeople who are too creative 
seem to overchallenge their customers, who may not appre- 
ciate (or even understand) their associations at all may 
experience them as "mental exercises," and/or may perceive 
them as too far-fetched and beyond the actual business 
problem at hand. 
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Study 2 


Because the findings in Study 1 were based on a sample 
that was collected within a single company and covered one 
specific sales task, in Study 2, we investigated whether the 
findings would hold in a more diverse sales sample that 
covers different industries and more complex sales tasks. In 
addition, we included several control variables, such as self- 
esteem and adaptive selling, to allow for a clearer interpre- 
tation of the findings. 


Method 


Procedure and respondents. We asked 50 Dutch firms to 
participate in Study 2. Initial contact with the companies 
was established through some of their employees (sales- 
people) who attended an executive education program in 
personal selling at the Institute for Sales and Account Man- 
agement, Rotterdam. Thirty-one firms agreed to participate 
(for a response rate of 6296), and they randomly asked up to 
four of their salespeople to participate in the study (N — 
107). The sample covered a wide range of industries, such 
as banking, consultancy, pharmaceuticals, human resource 
management services, and information technology. Sales 
tasks were all business-to-business and involved the selling 
of complex business solutions (products and services). On 
an Internet site, participants filled in both the GMA test and 
the questions about their thinking styles and social compe- 
tence. We also sent a short questionnaire to their sales man- 
agers, who provided an evaluation of their sales perfor- 
mance. The sample can be described as follows: Two-thirds 
(66%) of the participants were men; 33% were younger 
than age 30, 4696 were between the ages of 30 and 40, 1696 
were between the ages of 40 and 50, and 596 were older 
than age 50; and 5096 had completed the equivalent of high 
School or vocational training, 3596 had graduated from col- 
lege, and 1596 held a university degree. 


Measures. The measures used were identical to the ones 
used in Study 1, with one exception. Specifically, we used 
the same measures for the three thinking styles and social 
competence. To assess GMA, we used the short version of 
the test of nonverbal reasoning (see Drenth 1965), which 
includes 20 exercises and needed to be accomplished within 
ten minutes. 


Unfortunately, it was not possible to get access to objec- 
tive sales performance data, because some companies were 
reluctant to give away this information to academic 
researchers for both privacy and strategic reasons. There- 
fore, we asked the corresponding sales manager to evaluate 
the sales performance of his or her salespeople in the pre- 
ceding year. Specifically, we asked the managers to rate 
their salespeople's sales performance compared with the 
average salesperson in their company (on a scale from 1 = 
"way below average performance" to 7 = “way above aver- 
age performance"); we did this to ensure a standardized 
approach that would yield comparable results across indus- 
tries and sales tasks. Furthermore, we explicitly instructed 
the managers on the evaluation form to base their ratings on 
the objective sales data of their salespeople. In our sales 
performance measure, we focused on sales ratings (i.e., 
attainment of sales quotas); we used a similar objective per- 
formance measure in Study 1. In addition, managers had 
objective data for their salespeople on this factor, and thus 
the measure should be less susceptible to individual, subjec- 
tive rating biases of the manager. 

Finally, we included several control variables to test 
whether sales performance was actually affected by the 
variables mentioned previously or by other variables from 
the sales literature that may be related to them (see, e.g., 
Boorom, Goolsby, and Ramsey 1998). Specifically, we 
included measures of adaptive selling (16 items taken from 
Spiro and Weitz 1990), self-esteem (ten items taken from 
Rosenberg 1965), (dispositional) optimism (six items taken 
from Scheier, Carver, and Bridges 1994), and conscien- 
tiousness (five items taken from John and Srivastava 1999). 
The reliabilities, descriptives, and correlations of all 
variables in Study 2 appear in Table 3. 


Results 


To validate the findings of Study 1, we conducted a hierar- 
chical linear regression analysis that is comparable to the 
analysis carried out in Study 1, with sales performance as 
the dependent variable. The main difference is that we now 
added adaptive selling, optimism, self-esteem, and consci- 
entiousness as control variables in the analysis. Again, we 
included interaction terms in the analysis by adding the 
multiplicative products of the scores of the (mean-centered) 


TABLE 3 
Means, Standard Deviations, Intercorrelatlons, and Rellabilitles of the Varlables In Study 2 (М = 107) 


M SD 1 2 


3 4 5 6 7 8 9 10 


———————M————————————M———M— aa € 


1. GMA 
2. Social competence 


30.24 4.89 


5.65 63 .04 (71) 


3. Legislative thinking style 5.24 .93 12 .30** 
4. Executive thinking style 3.57 1.24 .01  —11 
5. Judlcial thinking style 5.30 1.00 .09 .19* 
6. Adaptive selling 5.34 71  —.03 .48™* 
7. Conscientiousness 5.36 59  —01 .19* 
8. Optimism 5.42 .79 .07 .48** 
9. Self-esteem 5.92 78  —09 .45** 

10. Sales performance 4.57 1.06 .01 11 

*p < .05. 

р < .01. 


Notes: Cronbach's alphas are on the diagonal. М.А = not applicable. 
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(72) 

01 (.69) 

19* —15 (76) 

26* —05 .29* (85) 

20* —02 .28%  28* (82) 

35% —01  .15  .55* .19* (80) 

Л9* —18 10  42'* .29*  .66* (84) 

18 —07  .8  .17 28" .23" 30“ (МА) 


TABLE 4 
Findings of the Regression Analysis (Standardized Regression Coefficients) In Study 2 


Dependent Variable: Sales Volume 


Step 2 Step 3 
-.09 –.09 
.26** .25** 
ло .08 
.20 .21 
—.01 —.01 
.24* 17 
.07 .07 
-.01 —.09 
.15 ЛЯ 
.32“ .23* 
.07 
.15 
.24* 
2.63 (p « .01) 2.51 (p « .01) 
.25 .30 


E ————————— 


Independent Variables Step 1 
Control Variables 
Adaptive selling —.01 
Conscientiousness .20* 
Optimism .05 
Self-esteem .25* 
Маш Effects 
СМА —.04 
Social competence .12 
Leglslative thinking style .08 
Executive thinking style —.03 
Judicial thinking style .11 
Interaction Effects 
GMA x social competence 
GMA x legislative style 
GMA x executive style 
GMA x judlcial style 
F-value (p-value) 1.90 (p « .05) 
Бг 18 
*p < .05. 
**р<.01. 


interacting variables. Table 4 summarizes the results of the 
regression analysis for Study 2. 

General mental ability, social competence, the three 
thinking styles, and the control variables explained 1896 of 
the variance in salespeople's sales volume. Adding the 
GMA x social competence interaction term explained an 
additional 796 of the variance (F-change = 8.86, p « .01). 
Adding the interaction effects between GMA and the three 
thinking styles explained another 596 of the variance in 
sales volume (F-change = 2.18, p « .05), resulting in a final 
explained variance of 3096. Only conscientiousness had a 
significant main effect on salespeople's performance (В = 
25, p < .01). Consistent with Study 1, a judicial thinking 
style in interaction with GMA produced a significant, posi- 
tive effect on performance (В = .24, р < .05), as Нз pre- 
dicted. Next, as we predicted and in line with Study 1, the 
interaction between GMA and social competence had a sig- 
nificant, positive impact on sales performance (В = .23, p < 
.05). Thus, H; is supported. Finally, the interactions 
between GMA and the other two thinking styles were not 
significant. Therefore, Но and Hy are rejected. 

As in Study 1, we plotted the two interaction effects for 
full interpretation of the results by fixing the contingent 
variable (i.e., social competence and thinking styles) at high 
versus low levels, defined as one standard deviation above 
or below the mean score. As in Figure 2, we similarly 
defined high and low values for GMA as one standard devi- 
ation above or below the mean value. 

Consistent with Ну, GMA has a positive relationship to 
sales volume but only when salespeople are high in social 
competence (see Figure 2, Panel A). Salespeople with low 
social competence attain lower sales volume with increas- 


ing GMA. A similar pattern emerged for the interaction 
between a judicial thinking style and GMA. Specifically, 
GMA is positively related to sales performance for people 
who make strong use of a judicial thinking style (see Figure 
2, Panel B). In contrast, for salespeople who do not use a 
judicial thinking style, GMA is negatively related to perfor- 
mance. This means that Н» is also substantiated. АП slopes 
of the regression lines are significantly different from zero 
at p « .05, with the exception of the regression of GMA on 
performance for a high judicial thinking style: Similar to 
Study 1, the slope is only marginally significant at p « .10. 


Discussion 


The results of Study 2, which draws on a more diverse sam- 
ple of salespeople involved in complex sales tasks, replicate 
two of the findings of Study 1. First, salespeople with high 
social competence and high GMA achieved the highest 
sales performance. Second, the interaction between a judi- 
cial thinking style and GMA had a (marginally) significant, 
positive effect on salespeople's performance. Specifically, 
salespeople with high GMA who exhibited a high judicial 
thinking style performed best. However, Н, and H4 were 
not substantiated. In the next section, we further elaborate 
on the commonalities and differences of the findings of our 
two samples. 


General Discussion 
As salespeople mostly sell knowledge-based solutions in 
today's marketplace (e.g., Bettencourt et al. 2002; Vargo 
and Lusch 2004), we suggested that salespeople should pos- 
sess high GMA, which allows for quick learning and 
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. FIGURE 2 
Interaction Effects of GMA on Sales Performance 
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abstract thinking. The findings of our studies indicate that 
salespeople with high GMA may indeed have an advantage. 
To the extent that salespeople act as knowledge brokers, 
cognitive efforts are also required on the side of the cus- 
tomer; specifically, the salesperson and the customer cocre- 
ate a business solution by developing a joint understanding 
of the shared information and integrating it into a workable 
solution. Salespeople must be able to manage this sociocog- 
nitive process so as to make viable sales propositions to 
customers. We proposed that salespeople's GMA (cognitive 
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hardware) interacts with specific skills, such as social com- 
petence and thinking styles (software), and we argued that 
these interactions can help predict sales performance. Such 
a perspective draws on research that argues for a contextual 
perspective on intelligence (e.g., Cron et al. 2005; Sujan, 
Weitz, and Kumar 1994). 

The results of our study indicate two main challenges 
that salespeople with high GMA face if they want to involve 
the customer in the solution cocreation process. First, sales- 
people must be able to translate their solutions to customers 
and phrase the content of the solutions such that customers 
can express their own business issues and experience psy- 
chological safety (Edmondson 1999). The more customers 
feel comfortable (safe) with the salesperson, the better they 
can (re)frame their own business problems and absorb how 
the developed solutions fit their needs. In combination with 
GMA, salespeople's social competence facilitates this 
sociocognitive learning process. Second, Axelrod and 
Cohen (1999) note that the more complex the solutions 
being offered, the more people rely on others to make 
informed choices. In a knowledge-based economy, cus- 
tomers seek to source different opinions and/or experiences 
with others. When salespeople can express the content of 
their business solutions, customers may (re)formulate their 
business issues better (Cross and Sproull 2004). Sales- 
people's judicial thinking style and GMA help them in this 
endeavor. 

A shared pattern of the findings of both studies is that 
the relationship between salespeople's GMA and their sales 
performance has a Janus face; that is, salespeople with high 
GMA became top performers when they also showed high 
degrees of social competence or a high judicial thinking 
style, but they also became the worst performers when they 
did not apply the software sufficiently (ї.е., only to a low 
extent). The main reason for this finding may be that selling 
knowledge involves the cocreation of knowledge as one of 
the main aspects. Customers must be able to structure their 
thoughts during sales interactions. Thus, salespeople need 
to create a social comfort zone that allows customers to 
express their needs, ideas, and objections without fear of 
embarrassment. Їп this sense, avoiding embarrassing cus- 
tomers by acting as a competent jerk may be one of the 
most important challenges for salespeople with high GMA 
(Casciaro and Lobo 2005). 

Notably, the combination of low GMA and low social 
competence came with relatively high sales performance in 
Study 1. An explanation for this finding may be that to par- 
ticipate in the knowledge cocreation process, customers 
need to feel psychologically safe (Edmondson 1999). Sales- 
people with low GMA and low social competence are likely 
to be perceived as neither intellectually threatening (not 
overchallenging customers' absorptive capacity) nor 
socially threatening (e.g., not engaging in micropolitics in 
buying centers). Especially in well-structured sales situa- 
tions, such as that of Study 1, in which the input of sales- 
people may be less needed, this may enable customers to 
explore and express their actual needs comfortably, which 
in turn facilitates a successful sales interaction. 

Although we could substantiate two of our hypotheses 
in both samples, the data did not support two other initial 


hypotheses. First, we found that the interaction between 
GMA and an executive thinking style did not affect sales- 
people's performance significantly. Rather, we found a sig- 
nificant main effect of an executive thinking style in Study 
1 that indicates that the role of GMA may be less crucial in 
well-structured sales tasks. Here, it may be more efficient to 
develop sales scripts that salespeople should follow. In 
cases of more complex sales tasks that ask for the absorp- 
tion of new knowledge (Study 2), it may be more difficult to 
create valid sales scripts because every customer asks for a 
unique solution cocreation process that challenges the 
absorptive capacity of the salesperson (Cohen and Levinthal 
1990). 

Second, we found that the interaction between GMA 
and a legislative thinking style was related only to sales per- 
formance in Study 1. Again, the specifics of the sales situa- 
tion may play a role here. Selling advertising space (Study 
1) is a relatively well-structured task. Therefore, customers 
may perceive the development of highly complex and cre- 
ative business solutions as inadequate, and this may be 
detrimental to salespeople's performance. This seemed not 
to be the case for more knowledge-intensive firms and sales 
tasks (Study 2). Because of the high complexity of the task, 
customers may not find complex and creative solutions to 
be inappropriate in such cases. 

In summary, the findings of our two studies illustrate 
that the interaction between salespeople's GMA (cognitive 
hardware) and specific skills and capacities (software) adds 
value to explaining sales performance and provides a poten- 
tially fruitful avenue for further research. The studies also 
indicate that the GMA-performance relationship may be 
contingent on the type of sales task under investigation 
(well structured versus complex). 

What lessons can practitioners learn from these find- 
ings? First, selection procedures for sales positions should 
encompass an IQ test because, depending on their GMA, 
salespeople should use their software differently to improve 
their sales performance. Because salespeople with high 
GMA formed the group of top performers, firms should hire 
these types of salespeople. Knowledge-based economies are 
innovative, and the speed by which knowledge needs to be 
combined constantly increases. For this reason, smart con- 
versations between salespeople and customers will become 
all the more important. Second, in both samples, sales- 
people with high GMA and low social competence achieved 
the lowest sales performance. In Casciaro and Lobo's 
(2005) terms, they may appear as competent jerks; cus- 
tomers who interact with salespeople with high GMA may 
intuitively expect them to be socially competent too; such a 
halo effect of intelligence is a well-known phenomenon in 


social psychology. Therefore, salespeople should be 
assessed and tested for their social competence in addition 
to their СМА. Because social competence can be learned, 
social competence training (especially for salespeople with 
high GMA) is also advisable. From a methodological per- 
spective, role-play training would seem most adequate to fit 
these needs. 

Third, for more complex sales tasks, using business 
cases proved to be a successful sales strategy. Therefore, 
salespeople with high GMA should learn to listen to col- 
leagues' business experiences and should remember their 
own concrete business cases so as to include them in stories 
to which customers can relate (Zaltman 2003). Salespeople 
should learn to share tbeir stories (success/failure) with col- 
leagues such that more people in the firm can use them. 
Similarly, salespeople should be encouraged to publish in 
trade journals or write internal “white papers" in which they 
express lessons learned. 


Further Research 

The degree of knowledge intensity varies across different 
sales functions. Weitz and Bradford (1999) distinguish 
between different stages in selling and different degrees of 
sales task complexity (from provider stage to procreator 
stage). Researchers should explore different sales samples 
that reflect these different complexities of sales tasks to 
specify further how and when GMA interacts with other 
skills and capabilities. 

Another prominent contextual skill that has received 
attention during the past years and might interact with 
GMA is emotional competence (e.g., Goleman 1998). 
Researchers note that a person's ability to regulate his or 
her emotions is (e.g., Morris and Feldman 1996) and should 
be (e.g., Homburg and Stock 2004) an important part of 
work, especially for customer boundary spanners, such ав 
salespeople. Emotional competence helps people be aware 
of, regulate, and use their (and others’) emotions success- 
fully (Goleman 1998; Saarni 1999). In line with the argu- 
ments put forth for social competence, it may be expected 
that emotional competence interacts with GMA to predict 
salespeople's performance. Cote and Miners (2006) find 
evidence that high emotional competence may compensate 
for a lower GMA; we ask researchers to elaborate on 
whether this finding also holds for salespeople. Similarly, 
research bas found that the combination of integrity and 
GMA is more valid as selection criteria than relying on 
GMA alone (Robertson and Smith 2001). Therefore, further 
research should also investigate integrity as a potential 
moderator of the GMA- performance relationship. 


a -–__ ===“ 
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The Fruits of Legitimacy: Why Some 
New Ventures Gain More from 
Innovation Than Others 


This article examines rewards to product introduction by new ventures. The authors argue that the new ventures 
that gain the most from innovation are those that adopt strategies that give them legitimacy in the eyes of 
stakeholders. New ventures can gain legitimacy by creating associations with established entities; such 
associations can be internal or external to the firm. The authors test these ideas by examining the stock market 
gains of all products introduced between 1982 and 2002 by all public firms in the U.S. biotechnology industry. The 
results show that new ventures that acquire legitimacy externally by forming alliances with established firms gain 
more from their new products than new ventures that do not form such alliances. Among new ventures that do not 
form alliances, those that acquire legitimacy internally by creating a history of product launches or by hiring reputed 
executives or scientists gain more from their new products than those that do not. In relative terms, it pays more to 
have Introduced a new drug before than to have a reputed executive on the firm's board; in turn, adding a reputed 
executive pays more than adding a reputed scientist to the firm's board. Finally, although new ventures can gain 
from either external or internal legitimacy, pursuit of external legitimacy by firms that already have internal 


legitimacy leads to lower rewards to Innovation. 


Keywords: innovation, stock market returns, legitimacy, biotechnology, alliances, entrepreneurship 


growth (Schumpeter 1934). Economies with a 
higher proportion of new ventures grow faster than 
others (Schmitz 1989). The actions of new ventures may 
even spur large, incumbent firms into action, thus accelerat- 
ing the pace of technological change (Sorescu, Chandy, and 
Prabhu 2003). For consumers, the creative energies of new 
ventures yield a bountiful variety of new products put forth 
by these firms as they maneuver for success and survival. 
Indeed, the ability to introduce successful new products 
is critical to the survival and growth of new ventures in 
emerging industries (Dowell and Swaminathan 2000). 
Product introductions generate revenue, reduce mortality, 
and help predict future success (Mata and Portugal 1994). 
However, the rewards to product introductions are not dis- 
tributed equally across firms. Competitors with seemingly 
similar products nevertheless meet wildly different fates. At 
this very moment, labs (or garages) of inventors around the 


N ew ventures play a crucial role in driving economic 
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world are buzzing with activities that embody their hopes 
and dreams. However, history suggests that only a few of 
these dreams are likely to be fulfilled (Klepper 2002). Why 
do some new ventures reap the rewards from their new 
products while others fail to do so? This is the question we 
attempt to answer in this research. 

As in previous studies (Deeds, Mang, and Frandsen 
2004), we define an emerging industry as one that is created 
around new technologies. Recent examples of such indus- 
tries include biotechnology and Web retailing. In line with 
previous studies (e.g., Van de Ven, Hudson, and Schroeder 
1984), we define a new venture as one whose primary busi- 
ness is in an emerging industry. 

Much research on the differential gains from product 
introduction has studied firms in mature industries (see, 
e.g., Datar and Jordon 1997; Song and Parry 1997). Prior 
research has examined the impact on gains from product 
introduction due to variables such as firm size (Chaney, 
Devinney, and Winer 1991), resources (Sorescu, Chandy, 
and Prabhu 2003), the nature of product offerings (Calan- 
tone, Schmidt, and Song 1996), and industry characteristics 
(Chaney, Devinney, and Winer 1991). Although these 
variables are important in the context of mature industries, 
it is less clear how their importance transfers to a new ven- 
ture context. Within emerging industries, firms are often 
similar in size and resources; they are mostly small and 
have limited financial resources. Although differences 
among products exist, many new products in emerging 
industries are, almost by definition, all breakthroughs in 
nature. As we show subsequently, variables that are tradi- 
tionally examined in the literature (e.g., firm size, resources, 
the nature of the product itself) play a less prominent role in 
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separating winners from losers in the new product game in 
emerging industries (see Shane 2001). 

A particularly vexing challenge for firms in emerging 
industries is the "liability of newness" they face (Stinch- 
combe 1965). Potential stakebolders view firms in these 
industries with skepticism (Hannan and Freeman 1984). For 
example, venture capitalists keenly observe the actions of 
new ventures and choke off funds if new products do not 
show promise at the earliest stages of introduction. This 
skepticism makes it difficult for such firms to gain access to 
the funds they crucially need for survival and growth. 
Indeed, this leads to a Catch-22 situation: To overcome 
stakeholder skepticism, new ventures need successful new 
products, but to have successful products, they must over- 
come stakeholder skepticism in the first place. An important 
way that new ventures can overcome the liability of new- 
ness and increase their gains from new products is by taking 
actions that provide them with legitimacy in the eyes of 
stakeholders (Deeds, Mang, and Frandsen 2004; Dowling 
and Pfeffer 1975). We argue that new ventures can gain 
legitimacy by creating associations with more established 
entities, either external or internal to the firm. In turn, this 
legitimacy pays off by raising the rewards to such firms 
from their product introductions. 

We address the following research questions in the con- 
text of new ventures: 


eWhat are the means by which new ventures can gain 
legitimacy? 

*How do the different types of legitimacy affect the rewards to 
new product introduction? 

What are the financial consequences of concurrently pursuing 
internal and external legitimacy? 


This is the first study to examine and empirically test 
the effects of legitimacy on the rewards to product introduc- 
tion. We argue that the impact of legitimacy may not be 
straightforward. Although legitimacy can have beneficial 
effects, duplication of legitimacy leads to lowered marginal 
returns to product introductions by new ventures. We test 
our arguments by examining the stock market gains of all 
products introduced by public firms in the U.S. biotechnol- 
ogy industry in its emergent phase (1982—2002). 

This article makes the following contributions: First, 
our study outlines several managerially controllable factors 
that drive the rewards associated with new ventures’ product 
introductions. By outlining key drivers of rewards to prod- 
uct introduction, we provide a framework that managers of 
such firms can use to manage product launch. 

Second, we measure the rewards to product introduction 
in terms of the value new products create for firms through 
the stock market. By examining the impact of product- 
related actions on stock market performance, we contribute 
to the research on the marketing-finance interface. In par- 
ticular, we respond to calls to adopt measures that link mar- 
keting activities to firm performance and shareholder value 
(Srivastava, Shervani, and Fahey 1999). 

Finally, we highlight the crucial role of marketing in 
entrepreneurial settings. The vast literature on entrepreneur- 
ship draws on economics, sociology, and management but 
rarely on marketing. Moreover, the marketing literature is 
itself mostly silent on marketing's influence on the perfor- 


mance of new ventures (see Matsuno, Mentzer, and 
Ozsomer 2002). This article fills this gap by emphasizing 
the unique role of product innovation and legitimizing 
strategies in driving the growth of new ventures. 


Theory 
What Is Legitimacy? 


At the height of his wealth and success, the financier 
Baron de Rothschild was petitioned for a loan by an 
acquaintance. Reputedly, the great man replied, “I won't 
give you a loan myself, but I will walk arm-in-arm with 
you across the floor of the Stock Exchange, and soon you 
shall have willing lenders to spare." (Cialdini 1989, p. 45) 


Legitimacy is “а generalized perception or assumption 
that the actions of an entity are desirable" (Suchman 1995, 
p. 574; see also Higgins and Gulati 2006). In emerging 
industries, all firms, but especially new ventures, suffer 
from a lack of legitimacy in the eyes of important stake- 
holders, such as venture capitalists, stock market analysts, 
and consumers (DiMaggio 1988). This lack of legitimacy is 
partly what creates a liability of newness for such firms 
(Stuart, Hoang, and Hybels 1999). However, not all new 
ventures suffer equally from this liability. Some manage to 
prevail, whereas others are crushed by it. Recent research 
indicates that actions, both substantive and symbolic, on the 
part of new ventures can help overcome this liability (Ash- 
forth and Gibbs 1990; Suchman 1995; Van de Ven, Hudson, 
and Schroeder 1984; Zajac and Westphal 2004). 

On the basis of this recent research, we argue that an 
important means by which new ventures gain legitimacy is 
by engaging in actions that convey associations with 
reputed entities (see also Higgins and Gulati 2006). Such 
actions affect stakeholder confidence in new ventures, in 
particular in their ability to introduce products successfully. 
By linking legitimacy to stakeholders' perceptions of the 
value of firms' new products, we explain why some new 
ventures gain more from their product introductions than 
others. 

Although there is much theorizing on the topic of legiti- 
macy, empirical research is rare. Moreover, many 
researchers have noted that existing studies tend to employ 
a narrow, unidimensional view of legitimacy and to exam- 
ine the construct using relatively crude measures (see 
Deeds, Mang, and Frandsen 2004). In this study, we high- 
light and empirically test the role of a variety of legitimiz- 
ing actions. We also show that these legitimizing actions 
may not always work together; some may actually work at 
cross-purposes with others. 


Types of Legitimizing Actions 


We identify two broad means—external and internal— 
through which new ventures can gain legitimacy in the eyes 
of stakeholders (see Figure 1). Among internal means of 
gaining legitimacy, we propose four types of actions: his- 
torical, scientific, market, and locational. Actions associated 
with historical legitimacy convey to stakeholders informa- 
tion about the new ventures' past business performance and, 
by inference, their prospects for future performance. À new 
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FIGURE 1 
Dimensions of Legitimacy 
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venture may convey this through, for example, a record of 
product introductions, which speaks to its understanding of 
the relevant technology and market. Note that this type of 
legitimacy is rare, given that, by definition, few new ven- 
tures bave successfully introduced new products in the past. 
Actions associated with scientific legitimacy convey to 
stakeholders that the new ventures in question have the 
technological capabilities needed to operate in their indus- 
try successfully. New ventures may achieve this type of 
legitimacy by, for example, recruiting eminent scientists to 
serve on their boards. Actions associated with market legiti- 
macy convey to stakeholders that the new ventures in ques- 
tion have the market-based capabilities needed to operate in 
their industry effectively. New ventures may achieve this 
type of legitimacy by, for example, placing on their boards 
executives who have experience in more established indus- 
tries. Actions associated with locational legitimacy convey 
to stakeholders that the new ventures in question derive dif- 
ferential advantage as a result of their geographic location. 
For example, a new software venture may do so by locating 
itself in a geographic "cluster" of firms in the same special- 
ized industry—for example, Silicon Valley (Porter 1998). 
In contrast to the several ways new ventures may gain 
internal legitimacy, we identify one major way they can 
gain external Је тасу—патеју, through their association 
with successful and established external entities (see Rao, 
Qu, and Ruekert 1999).! For example, a new venture may 
acquire this type of legitimacy by forming an alliance with 
a firm in a related but established industry, thus gaining 
immediate access to the internal legitimacy that the estab- 
lished firm already possesses. We now develop hypotheses 





1We do so in part because of empirical considerations. In our 
empirical analysis, we use alliances with large pharmaceutical 
firms as our measure of external legitimacy. Such firms tend to 
possess all four types of internal legitimacy. Therefore, a new ven- 
ture's association with such firms provides it with legitimacy on 
all these types. As such, although we highlight multiple dimen- 
sions of internal legitimacy, we focus here on a single dimension 
of external legitimacy. 
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that link the dimensions of legitimacy to the rewards to 
product introduction. 


Hypotheses 


External Legitimacy: Reflecting the Glory of the 
Partner 


A seemingly easy way for new ventures to gain external 
legitimacy is through a formal alliance with an established 
entity (Gans and Stern 2003). However, alliances have 
downsides too. An alliance could result in the loss of 
decision-making control and flexibility for the fledgling 
venture (Das and Teng 2000). An alliance may also lead to 
lower rewards to the new venture from its product introduc- 
tions as a result of sharing collaborative gains (Gulati 
1998). Because the new venture is likely to be smaller than 
the alliance partner and thus have less bargaining power, a 
larger share of the gains from product introduction may go 
to the Jatter (Lerner and Merges 1998). 

Nevertheless, an alliance with an established player can 
confer benefits on new ventures in at least two ways. First, 
an alliance can suggest that through its partner, the new 
venture has access to the capabilities and resources needed 
for successful product introduction. These would include 
marketing, scientific, and financial resources, as well as 
shared learning and skills (Swaminathan and Moorman 
2002). Therefore, an alliance with a successful partner helps 
the new venture overcome stakeholder uncertainty about its 
capabilities and its inexperience in launching similar prod- 
ucts. Second, the mere existence of the alliance carries its 
own endorsement. That the new venture was successful in 
attracting a larger, more established player in the first place 
suggests that the new venture and its new product have 
potential. 

For these reasons, alliances can serve as a legitimizing 
force that is powerful enough to overcome the negative 
effects that ensue from the loss of decision-making control 
and the dilution of rewards due to gain sharing. Thus, we 
hypothesize the following: 


H;:New ventures that introduce products in alliance with 
established firms gain more from these product introduc- 
tions than new ventures that do so without such alliances. 


Internal Legitimacy, External Legitimacy, or Both? 


Although we identify both external and internal means of 
gaining legitimacy, we posit that firms that already have 
internal legitimacy will gain fewer marginal benefits from 
also acquiring external legitimacy. We do so for two rea- 
sons. First, as we stated previously, alliances are not cost 
free. Despite the benefits of alliances, new ventures in 
emerging industries that create alliances may lose control 
over their products and end up diluting future rewards due 
to gain sharing (Gulati 1998; Lerner and Merges 1998; 
McGarry et al. 2001). Second, new ventures that already 
possess internal legitimacy may find that alliances with 
established firms can lead to duplication in sources of legit- 
imacy. For a new venture with internal legitimacy to form 
an alliance would be akin to a manufacturer using two sub- 
stitutes in a production process and paying for both when 
using just one would suffice. 

For the reasons we noted previously, we argue that new 
ventures that possess internal legitimacy will gain more 
from their products by going alone than by forming 
alliances. We also note that though having both internal and 
external legitimacy yields decreasing marginal benefits, the 
different types of internal legitimacy actually complement 
one another because they convey distinct capabilities (e.g., 
scientific legitimacy conveys technological capability, mar- 
ket legitimacy conveys market knowledge). We now 
develop hypotheses about how each means of gaining inter- 
nal legitimacy affects the rewards to product introduction in 
the presence or absence of alliances with established firms. 


Historical Legitimacy: Success Speaks for Itself 


Perhaps the most convincing way a new venture can gain 
internal legitimacy is by developing a history of successful 
product launches. This historical legitimacy confers at least 
two benefits to the new venture. First, it suggests that the 
new venture has prior experience with product launch, thus 
increasing the likelihood of its success with future products. 
Second, the large literature on "learning by doing" and 
adaptive learning shows that there are clear gains to learn- 
ing through a process of trial and error (Van de Ven and Pol- 
ley 1992). 

Thus, new ventures with historical legitimacy can gain 
more from new product introduction. However, this effect 
will be moderated by whether new ventures with historical 
legitimacy also form alliances with established firms to 
introduce new products. Firms without internal historical 
legitimacy have few other means of gaining such legitimacy 
than by forming alliances; for these new ventures, alliances, 
though costly, may confer benefits that they would not have 
otherwise. However, for new ventures that already possess 
historical legitimacy, forming an alliance is likely to (1) 
confer fewer marginal benefits beyond those that its experi- 
ence and knowledge already provide and (2) do so at con- 
siderable additional cost. Thus, new ventures that already 
possess historical legitimacy are likely to be better off not 
forming alliances with established firms. 


Но: The greater a new venture's historical legitimacy, the 
larger are its gains from introducing a product on its own 
than from doing so through an alliance with an established 
firm. 


Sclentific Legitimacy: Being on the Cutting Edge 


New ventures in emerging industries must convey to stake- 
holders that they understand and can work with the latest 
scientific ideas in the field. One way for new ventures to 
achieve this scientific legitimacy is by assigning leadership 
roles to scientists and academics (Stuart, Hoang, and 
Hybels 1999). Not only do scientists help invent new prod- 
ucts, but their presence in leadership roles in the new ven- 
ture also confers at least three other benefits to the firm: (1) 
technical credibility, suggesting that the new venture has the 
ability within itself to develop successful new products 
(Zucker, Darby, and Brewer 1998); (2) access to outside 
knowledge the firm does not possess and cannot develop on 
its own; and (3) some assurance that the firm has the ability 
to absorb and leverage new knowledge acquired from out- 
side entities (Cohen and Levinthal 1990). 

As with historical legitimacy, the preceding arguments 
suggest that actions associated with scientific legitimacy 
can yield a substantial financial payoff for new ventures that 
introduce new products. However, again, we expect that this 
effect will be moderated by whether the new venture forms 
an alliance with an established firm for new product intro- 
duction. New ventures that do not have internal scientific 
legitimacy bave relatively few options to gain such legiti- 
macy other than through alliances. Thus, though costly, 
alliances can confer legitimacy on such new ventures that 
they would not otherwise have; in turn, this would manifest 
greater gains from new product introduction. In contrast, for 
new ventures that already possess scientific legitimacy, also 
forming an alliance would result in decreasing marginal 
benefits at considerable additional cost. Thus, we hypothe- 
size the following: 


Нз: The greater а new venture's scientific legitimacy, the 
larger are its gains from introducing a product on its own 
than from doing so through an alliance with an established 
firm. 


Market Legitimacy: Knowing the Market 

In addition to communicating their scientific capabilities, 
new ventures in emerging industries must convey their abil- 
ity to market new products. А way for new ventures to 
acquire such market legitimacy is by hiring executives with 
marketing and management experience in established, 
related fields (Gulati and Higgins 2003). The presence in 
top management positions of experienced professionals 
from related fields confers three benefits on new ventures. 
First, their presence suggests to important stakeholders that 
the new venture understands customers well and that the 
firm is market oriented in its approach. Important stake- 
holders will recognize this and positively view the new ven- 
tures that are market oriented. Second, because of their past 
experience with commercializing new products, experi- 
enced executives will provide new ventures with this impor- 
tant capability, thus improving stakeholder perceptions of 
the firm's likely success with its own products. Finally, such 
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executives will be able to draw on their experience with 
picking market winners, again increasing the new venture's 
potential performance with its new products. Greater mar- 
ket knowledge confers a greater probability of success with 
new products (Li and Calantone 1998). 

As with historical and scientific legitimacy, we expect 
that the positive impact of actions associated with market 
legitimacy will be moderated by whether new ventures that 
possess it enter into alliances with established firms for new 
product introduction. New ventures without market legiti- 
macy will gain such legitimacy from forming alliances with 
established firms; these benefits are likely to outweigh the 
additional costs due to gain sharing and result in higher 
returns to product introduction. Conversely, new ventures 
that possess market legitimacy will gain little additional 
legitimacy from forming alliances and will incur the addi- 
tional costs due to gain sharing and loss of control. Conse- 
quently, such firms will be better off not forming alliances 
for their new product introductions. Thus, we hypothesize 
the following: 


Hy: The greater a new venture's market legitimacy, the larger 
are its gains from introducing a product on its own than 
from doing so through an alliance with an established 
firn. 


Locatlonal Legitimacy: Where Does the Firm 
Come From? 


There has been considerable interest recently in the role of 
"clusters" or "hot spots" in the growth of firms in emerging 
industries. The research on clusters suggests that new ven- 
tures in emerging industries can gain legitimacy by locating 
themselves in areas with large numbers of related firms 
(Pouder and St. John 1996). The presence of related firms 
can help new ventures in these clusters gain such legitimacy 
in three ways. First, their presence in the cluster indicates to 
stakeholders that they have access through the cluster to 
specialized inputs and a skilled labor pool (Porter 1998). 
Second, it suggests that the new ventures have access to 
new technical and market knowledge as well as resources 
that can be shared (e.g., through access to university 
research developed in the area). Third, it suggests that the 
new ventures can potentially gain from any complementari- 
ties that may result from working with or in the presence of 
related firms. 

There is some evidence that being in a cluster may also 
convey negative information about firms located there. For 
example, with time, inertia tends to set in among firms in 
clusters, resulting in groupthink, nonreceptivity to external 
ideas, and the suppression of innovation (Pouder and St. 
John 1996). АШ this leads to a negative perception about 
such firms and, in the process, creates an unfavorable 
impression about the products these firms introduce (Gane- 
san, Malter, and Rindfleisch 2005). However, because such 
decline usually sets in over time and tends to afflict more 
stable industries, we argue that new ventures in emerging 
industries are likely to benefit rather than suffer from their 
presence in clusters. 

For reasons identical to those we noted for the other 
forms of internal legitimacy, we expect that the positive 
impact of locational legitimacy will be moderated by 
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whether new ventures that possess it enter into alliances 
with established firms for new product introduction. Thus: 


Hs: The greater a new venture's locational legitimacy, the 
larger are its gains from introducing a product on its own 
than from doing so through an alliance with an established 
firm. 


Method 


Empirical Context 


A proper test of our hypotheses requires us to investigate an 
emerging industry with (1) multiple comparable product 
introductions by multiple new ventures, (2) accurate details 
on these product introductions, and (3) adequate variation 
in the sources of internal and external legitimacy. The U.S. 
biotechnology industry is an ideal industry to study for sev- 
eral reasons. First, it is a truly important industry, with 
applications in health care, agriculture, and industrial prod- 
ucts. Biotechnology has made enormous strides in the last 
two decades, with dramatic growth, considerable entry, and 
equally astonishing exit rates. 

Second, new products are of central importance to the 
industry. In the pharmaceutical context, biotechnology rep- 
resents an entirely new way of discovering drugs. As of 
2002, the Food and Drug Administration (FDA) has 
approved 165 products for launch, and each product has its 
own unique date of introduction. Moreover, multiple firms 
that fit our definition of new ventures in an emerging indus- 
try have introduced these drugs. For an illustration of the 
highly fragmented nature of the industry, with few clearly 
dominant players in terms of product introductions to date, 
see Figure 2. 

Finally, as with all emerging industries, the biotechnol- 
ogy industry in its early years involved much uncertainty 
about its potential. This created a liability of newness for 
new ventures in the industry, which in turn made it crucial 
for these firms to gain legitimacy through various means in 
the eyes of stakeholders. Our data show that there is suffi- 
cient variation among biotech firms in the types of 
approaches they adopted to gain such legitimacy (see Table 
1). In summary, the industry provides a unique setting in 
which to address our research questions. 


Variables and Data 


The stock market-based, event study method we adopt 
(Brown and Warner 1985) offers an attractive approach to 
estimating the gains from new products due to various legit- 
imizing strategies. The method provides a quantitative mea- 
sure of how the market views a particular event (e.g., a new 
product launch) by computing the abnormal returns to the 
firm's stock price generated as a result of the event. We then 
use this abnormal-returns measure to compute the change in 
market capitalization (AMktCap) associated with the 
expected rewards to product introductions by new biotech 
ventures. Because stakeholders have already incorporated 
information on various types of legitimacy before the event 
under study (i.e., the product launch), any significant asso- 
ciation between these variables and the AMktCap of prod- 
uct launch provides an appropriate test of our hypotheses. 


FIGURE 2 
Distribution of Product Approvals Among Biotech Firms 











Number of Firms 

















Number of Approvals 





We take a census of all biotech drugs approved by the 
FDA until 2002, starting with the first approval in 1982 for 
the insulin drug Novolin.2 We focus exclusively on human 
drugs for the sake of comparability and internal consistency. 
Because our focus is on new ventures, we only use products 
introduced by biotechnology firms and do not include 
biotech drugs introduced by pharmaceutical firms. In addi- 
tion, because we use stock market data to infer the rewards 
associated with product introductions, we drop private 
biotech firms and subsidiaries of pharmaceutical firms from 
our data. Doing so yields 93 product introductions, and we 
use data on these drugs in all our analyses. We now describe 
each of the empirical measures we use to test our hypothe- 
ses (see Table 1). 


Dependent variable: rewards to product introduction. 
We use abnormal stock market returns to infer the value that 
stakeholders expect a new product will add to the new ven- 
ture introducing it. We calculate abnormal returns over a 
three-day window and use these to compute a measure of 
AMktCap based on the total gains to the firm's market capi- 
tal relative to any gains to the overall market (Fama 1970) 
(see Appendix A). The abnormal returns are constructed as 
the difference between the return on the stock of the firm in 
question and the return on the market index; this difference 
controls for general movement in tbe market. In other 
words, an event is deemed to have positive abnormal returns 
if and only if the returns to it are larger than those to. the 
market index. Our dependent variable calculates the 
absolute dollar value for rewards to product introduction 
using abnormal returns. In doing so, we, follow other 
researchers who have also compared across many firms the 
gains (or losses) that accrue to the firm from an important 
event (Dowdell, Govindaraj, and Jain 1992; Hendricks and 
Singhal 1997; Sorescu, Chandy, and Prabhu 2003). 


2For reasons of comparability, our sample includes only biotech 
drugs and not other products, such as biotech-related medical 
devices. 


Independent variables: external and internal legitimacy. 
To construct measures of our independent variables, we use 
publicly available information, including annual reports, 
company Web sites, and trade journals. We explain these 
measures and their sources in detail subsequently. 

To measure actions associated with external legitimacy, 
we use data on alliances between biotech firms in our sam- 
ple and established pharmaceutical firms. We collect these 
data from trade journals such as Pharma Business Week and 
press reports. We code a dummy variable on the basis of 
whether the new venture introduced the product in alliance 
with an established pharmaceutical firm. Established phar- 
maceutical firms are those that had a sizable presence in 
the pharmaceutical business before 1976 (a year widely 
regarded as the birth of the first biotechnology firm Genen- 
tech). In practice, these firms are mostly members of “big 
pharma,” the largest pharmaceutical firms worldwide. 

Because our hypotheses on internal legitimacy (H5—H;) 
are interactions between the lack of an alliance and the dif- 
ferent sources of internal legitimacy, we reverse-code the 
alliance variable for easier interpretation. We code the 
variable as 1 if the biotech firm has no alliance with a phar- 
maceutical firm (i.e., the new venture “goes alone") and 0 if 
the firm has such an alliance. 

We measure internal legitimacy in terms of four compo- 
nents: historical, scientific, market, and locational legiti- 
macy. We measure actions associated with historical legiti- 
macy by identifying the number of drug approvals the 
biotech firm obtained before the focal approval? Drug 
approval in the pharmaceutical industry is a long and 
expensive process. The presence of one or more approved 
drugs in a biotech new venture's portfolio provides immedi- 


3An alternative measure of historical legitimacy would be the 
entrepreneurial history of the top managers of the firm. However, 
only 9.7996 of top managers or board members in our sample had 
any history of entrepreneurship. We reestimate our models using 
this measure but find that its coefficients are not significantly dif- 
ferent from zero in any of the models. 
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Conceptual Varlable Notation Measured Varlable Data Sources 
Rewards to product AMktCap, Net present value In 1987 dollars «Center for Research in Security 
introduction ($ millions) Prices 
Dow Jones/Reuters 
External legitimacy (1 — GoAloney) Alllance with established «Pharma Business Week 
pharmaceutical firms «Med Ad News 
ewww.blo.org 
Historical legitimacy Histy The number of previous product «Pharma Business Week 
approvals •меа Ad News 
ewww.bio.org 
Scientific legitimacy Sci, Fraction of board consisting of *LexisNexis 
academicians *SEC filings 
Market logitimacy Mkt; Fraction of board consisting of *LexisNexis 
ex-pharmaceutical executives *SEC filings 
Locational legitimacy Loc; The number of blotech firms In the *CorpTech database 
city area 
Technology know-how KnowHowg The stock of patents for focal firm on _ «Delphlon 
approval date 
Firm size Size, Log of number of employees *«COMPUSTAT 
Age Ager Age of the firm «Annual reports 
«Company Web sites 
Consumer benefits Рпотуј Priority status granted by FDA *Pharmaprojects 
ewww.fda.gov 
Niche product Orphan, Orphan status granted by FDA ePharmaprojects 
ewww.fda.gov 
Market potential MktPot, Estimated market potential of the *Pharmaprojects 
therapeutlc category 
Competitive intensity Comp; Number of existing players In the ¢Pharmaprojects 


Alliance dates 


TABLE 1 


: Varlables and Data Sources 


therapeutic category 
Date of formation of product alllance 


*Recap database 


ate testimony to stakeholders of its ability to use resources 
effectively and of its experience in developing and market- 
ing drugs. This testimony is particularly strong given that 
there were just 165 approved biotech drugs on the market as 
of 2002; the number of biotech firms at that time was more 
than 1500. Having an approved drug in its portfolio, there- 
fore, places a biotech new venture in an exclusive club. As 
Figure 2 shows, a few firms have one or more prior product 
introductions, though most firms do not. Only one firm— 
Genentech—has as many as 10 products approved, 4 more 
than its nearest rival, Amgen.4 





4This may suggest that Genentech is an outlier in our model. 
However, an outlier analysis indicates that this is not the case. In 
addition, when we include a dummy variable for Genentech to 
capture its fixed effects in our subsequent analyses, we find that its 
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We measure actions associated with scientific legiti- 
macy by computing the ratio of academic scientists on the 
biotech firm’s board to the total size of the board. We count 
as an academic scientist anyone who holds an appointment 
in a university as a researcher or a faculty member. A high 
ratio of academic scientists on the board conveys to stake- 
holders that the firm has the technical capabilities needed 
for successful product introduction (Dacin 1997). Stake- 
holders are likely to respond to the prominence of scientists 
on the firm’s board. Thus, two scientists on a four-member 
board will convey more scientific legitimacy than two sci- 
entists on a ten-member board. We obtain data on the com- 
position of corporate boards and on board members’ affilia- 





coefficient is not significantly different from zero, and the other 
results remain essentially unchanged. 


tions with research institutions from Securities and 
Exchange Commission (SEC) filings. 

We measure actions associated with market legitimacy 
by computing the ratio of former or current executives of 
established pharmaceutical firms on the biotech firm's 
board to the total size of the board. A high ratio of such 
executives on the board conveys to stakeholders that the 
firm has the market capabilities needed for successful prod- 
uct introduction (Aldrich and Baker 2001). We obtain infor- 
mation on board members’ biographies and prior affiliations 
from SEC filings. 

We measure actions associated with locational legiti- 
macy by calculating the number of biotech firms in the met- 
ropolitan statistical area in which the focal firm is located. 
The higher the number of such firms in the city area, the 
closer it resembles a cluster. We also construct two alterna- 
tive measures of locational legitimacy. First, we compute a 
dummy variable and assign new ventures in well-known 
biotech “hot spots" (i.e., California, Massachusetts, Mary- 
land, and New York/New Jersey) a value of 1 and new ven- 
tures in other areas a value of 0. Second, we develop a state- 
wise measure of "clustering" by computing the ratio of 
biotech firms in the state of the focal firm divided by the 
total number of firms in the United States.5 As we report 
subsequently, our results are robust to the use of all these 
measures of locational legitimacy. 


Control variables. Although our theory predicts a sig- 
nificant relationship between the legitimacy variables and 
the rewards to product introduction, several other firm- and 
product-specific factors are also likely to influence the 
AMktCap of new products. We obtain measures of these 
control variables as follows. 

For firm-specific controls, we consider firm size, firm 
age, and technological know-how. First, larger firms are 
likely to have greater resources that they can leverage to 
introduce products more successfully. Although the evi- 
dence on this is mixed (see Sorescu, Chandy, and Prabhu 
2003), we control for size to capture the heterogeneity 
among firms in our sample. We construct a measure of firm 
size using the natural log of the number of employees in the 
firm in the year of approval. Second, we control for the age 
of the firm to tease out the effect of legitimacy from the 
pure time effect; that is, as firms get older, they might 
become more established, and this might influence the 
returns associated with a product launch (Hannan and Free- 
man 1984). Accordingly, we control for firm age, measured 
as the number of years since the focal firm's incorporation. 
Third, because some of our measures of legitimacy might 
be considered merely proxies for the technological know- 
how of new ventures, we explicitly account for technologi- 
cal know-how by including as a control variable the stock 
of patents for the new venture on the date of product intro- 


5Ideally, we would have a time-varying measure of this variable. 
Because of data availability constraints, however, we construct this 
variable for 1994 and use this measure for each period thereafter 
with the assumption that relative cluster density remains the same 
for preceding and succeeding years. 


duction. This measure has been frequently used in prior 
studies to measure technological know-how (see Prabhu, 
Chandy, and Ellis 2005).6 

To estimate the effects of legitimacy on the rewards to 
product innovation, we need to account for the inherent 
quality of each product and the market context in which it is 
introduced. We do so by controlling for the following fac- 
tors: consumer benefits relative to existing products, a priori 
market potential, niche products, and competitive intensity. 
First, we code whether the FDA deemed the.drug to provide 
substantially higher therapeutic benefits relative to existing 
drugs and therefore granted it priority review status 
(Sorescu, Chandy, and Prabhu 2003). Second, we obtain an 
estimate of market potential (in billions of dollars) for each 
therapeutic category from the Pharmaprojects database. 
This variable accounts for the notion that, for example, an 
AIDS drug faces inherently different demand conditions 
than a dermatology drug. Third, as an additional measure of 
market potential, we code whether the focal drug is an 
orphan (1.е., a drug for which the target population is lim- 
ited or for which the disease it treats occurs only rarely). 
Granting of orphan status by the FDA confers exclusive 
access to the market for the drug. Fourth, we account for 
competitive intensity by counting the number of competi- 
tors that are already in the therapeutic category. 


Model 


Our unit of analysis is the individual product introduction 
(i.e., FDA approval for market launch). We use the AMkt- 
Cap associated with each product approval as the dependent 
variable. Each AMktCap is associated with a firm and a 
time period. However, because there are few multiproduct 
biotech firms (see Figure 2), applying a panel specification 
to the data is difficult. Instead, we attempt to parcel out 
alternative sources of variance in the data by including a 
large number of control variables in our model 
specification. 

We specify the following model for testing our hypothe- 
ses using the AMktCap generated on the stock market as the 
dependent variable and the legitimacy measures as the inde- 
pendent variables, along with the firm- and product-specific 
control variables described previously: 


(1)  AMktCap, = Во + B,GoAlone,; + Ву Hist x GoAlone,, 
+ Ba Sci, x GoAlone, + Bj, Mkt, x GoAlone,, 
+ Вос, x GoAloney 
+ By KnowHow, x GoAlone; 
+ Ва Hist, x (1 — GoAlone,,) 
+ BaSciy x (1 – GoAlone) 
+ Ba Mkt, x (1 – СоА1оле„) 
+ Ват осу x (1 – GoAlone,) 


$We also performed the analysis using an alternative measure of 
technological know-how—the number of patents weighted by cita- 
tion counts. Our hypothesis tests yield the same results. 
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+ Ba KnowHow; x (1 – GoAlone,,) 
+ Абе X GoAloneg 
+ раб те x GoAlone,, 


+ Y3gMktPot,, x GoAlone,, 
+ ''agComp, x GoAlone,, 


+ ys Orphan, x GoAlone,, 

+ YogPriority,, x GoAlone,, 

+ Ув Авен X (1 – GoAlone,,) 

+ ра Size; X (1 – GoAlone,) 

+ Y3.MktPot, х (1 – GoAlone,;) 

+ Үд Comp; x (1 – GoAlone,,) 

+ ys Orphan; х (1 – GoAlone,,) 

+ Priority, х (1 – GoAlone;;) + 2 


where i, j, and t are subscripts for firm, product, and time, 
respectively, and the other variables are defined in Table 1. 
We expect В; to be negative and Boh, Ву» Bem and Вы to be 
positive per hypotheses Ну, Но, H4, На, and Hs, and (1 — 
GoAlone;;) is 1 when a firm has an alliance (i.e., it does not 
go alone). The model is interactive in the sense that each of 
the independent variables can affect the dependent variable 
differently, depending on whether the product in question 
involves an alliance (i.e., the regression coefficients are dif- 
ferent under each regime). 

The specification in Equation 1 can be estimated using 
standard ordinary least squares (OLS) regression. However, 
doing so could be problematic because a firm's decision to 
go alone or form an alliance is a self-selected variable. For 
example, a firm might decide to go alone because the prod- 
uct it is seeking approval for has a quality advantage; there- 
fore, the firm might expect a large revenue stream to accrue 
from the product and thus might not be willing to share the 
revenue with an alliance partner. Nevertheless, this unob- 
served quality advantage (possibly observed by the market 
but not by the econometrician) might also affect the AMkt- 
Cap returns to the firm from product introduction. There- 
fore, we have a classic case of endogeneity in which an 
independent variable is correlated with the error term, and 
thus estimation using OLS would violate the fundamental 
OLS assumption of independent errors (Greene 2003).7 

Econometrically, the way to correct for endogenous 
regressors is to use an instrumental variables approach. In 
our case, the endogenous variable—the choice to go alone 


ТЕ could be argued that the other legitimacy variables in Equa- 
tion 1 are also endogenous. We focus on the alliance variable only 
and consider other variables exogenous because these are not 
product-specific decisions, whereas an alliance is. Thus, although 
the alliance decision might be driven in part by the unobserved 
quality of the product and thus might be correlated with it, this is 
not likely to be the case for the other measures of legitimacy, 
because these are more long-term, firm-related (rather than 
product-related) measures. We address this issue in detail 
subsequently. 
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or to form an alliance—is a dummy variable. Therefore, we 
need to use a slightly different approach to correct for 
enodogeneity than the standard instrumental variables 
approach. 

In our case, the decision of whether to form an alliance 
is similar to what applied economists call assignment to a 
“treatment” (for a review, see Angrist 2001). The decision 
to form an alliance or go alone in launching a product is 
undertaken with some expectations regarding the outcome 
of the decision. A common class of econometric models 
termed “treatment effect” models has been developed to 
overcome the bias introduced by self-selected (endogenous) 
dummy variables. In these models, the endogenous variable 
is a dummy defined by whether a person was assigned to 
a “treatment” (Angrist 2001; Greene 2003; Maddala 1983). 
In our case, however, we cannot directly apply a treatment 
model because the treatment (i.e., the decision to go alone) 
also appears in the interaction terms in Equation 1. To over- 
come this problem, we employ the following estimation 
strategy: We run two separate regressions—one for firms 
that introduce products in an alliance and one for firms that 
choose to go alone. For firms that go alone, Equation 1 
reduces to the following: 


Q) AMktCap, = (Bo + By) + Peniste + Врбећу + BymMkt, 
+ Вос, + Ва KnowHow, + Yigå 8er 
+ раб же + "5; MktPot, + Y4¢Compy, 


+ ysg Orphan; + fg Priority, + Eyt- 
For firms that form an alliance, Equation 1 reduces to the 
following: 


(3) AMktCap, = Во + Ва ви, + Ba Sci + BamMkti + Вос, 
+ B, KnowHow, + i4 Age, + YoaSizey 
+ Ys, МЕ Ро + "ya Compg t Ys Orphang 
+ YoaPriority;, + £y. 


Now, the estimation of parameters of interest is made easier. 
The difference in the estimated intercepts of Equations 2 
and 3 gives an estimate of В», the difference in the estimated 
coefficient of Hist in Equations 2 and 3 gives an estimate of 
Bgn — Ban, and so on. 

However, note that an OLS-only estimation of Equa- 
tions 2 and 3 would not solve the problem of self-selection 
(Shaver 1998).8 To obtain unbiased estimates of Equations 
2 and 3, we run each regression separately and correct for 
the self-selection problem (Heckman 1979; Shaver 1998). 
We assume that all the variables that drive AMktCap also 
drive firms’ decision to go alone or form an alliance. For 
example, the firms with greater internal legitimacy might be 
less likely to form an alliance because they will have greater 
confidence in their ability to go alone (Eisenhardt and 
Schoonhoven 1996; Lerner and Merges 1998). The under- 





8Despite this, we also estimate these equations using OLS and 
find that, in general, the OLS results are similar to the results from 
the models we report and discuss subsequently. 


lying equations that drive the selection (i.e., to go alone or 
form an alliance) in Equations 2 and 3 are as follows: 


(4а) GoAloney = ро + ШНіві, + Scis + из Мк, + Г осу 
+ us KnowHow, + HsAge, + роб те у 
+ МЕ Роу + щСошру + шоОгрћап, 
+ Hi iPriority, + ку, and 


(4b) Alliance, = По + p Hist, + по Sci, + ua Mkt, + Ja Loc 
+ [ts’KnowHow, + Hs’ Аре, + I Size; 
+ pg MktPot, + po’Comp,, + Jo Orphan, 
+ и Priority; + Kip’. 


To test our hypotheses formally, we use maximum like- 
lihood estimation to jointly estimate Equations 2 and 4a and 
Equations 3 and 4b, respectively, while accounting for the 
dichotomous nature of the dependent variables in Equations 
4a and 4b (see Appendix B). Note that the dependent 
variable in Equation 4a is coded as 1 when a firm goes 
alone and as 0 when it has an alliance. Conversely, the 
dependent variable in Equation 4b is coded as 0 when a 
firm goes alone and as 1 when it has an alliance. To clarify 
this point, consider the joint estimation procedure for Equa- 
tions 2 and 4a. When these two equations are estimated 
jointly, the AMktCap values for all firms that go alone are 
treated as observed, whereas those for firms that form 
alliances are treated as censored. Likewise, when Equations 
3 and 4b are estimated jointly, the AMktCap values for all 
firms that form alliances are treated as observed, whereas 
those for firms that go alone are treated as censored. 


Results 


Table 2 presents descriptive statistics for our data. Note that 
the average AMktCap across all firms is $62 million (in 
1987 dollars); given that the average market capitalization 
across all firms before the FDA approval is $1.47 billion, 
this represents an average gain of approximately 4.2%. 
Table 3 exhibits the parameter estimates for the models. 
Detailed analyses of the influence of outliers, nonnormality, 
and multicollinearity indicate that these do not affect the 
results of the estimation. As we mentioned previously, a 
simple OLS specification of our model provides results 
consistent with our key hypotheses. However, Table 3 
shows that the estimated coefficient (A) for the selection 
correction term (Mills ratio) is significantly different from 
zero in both the go-alone and the alliance regimes (—837.77, 
р < .01, and 189.27, p < .01, respectively). These results 
imply that there is indeed an underlying selection process in 
firms’ decisions to go alone or to form an alliance, and thus 
a model that accounts for the underlying selection process 
provides more consistent and unbiased results than OLS. 
The difference between the relevant estimates of the two 
models provides parameters that show how the various 
types of actions associated with legitimacy differentially 


affect the AMktCap in the GoAlone versus Alliance cases, 
respectively.9 Table 4 lists these values. 10 


Effects of External Legitimacy: Do Alliances 
Matter? 


H, predicts that new ventures that introduce products in 
alliance with established firms gain more from these prod- 
uct introductions than new ventures that do so without such 
alliances. As Table 4 shows, the coefficient of the GoAlone 
dummy is negative and significant (В, = —300.95, р < .1), in 
support of H;. Thus, we find support for the positive effects 
of external legitimacy on rewards to product introduction by 
new ventures in an emerging industry. 


Effects of Internal Legitimacy 


Historical legitimacy. Н» predicts that, all else being 
equal, the greater a new venture's historical legitimacy, the 
larger are its gains from introducing a product without an 
alliance than through an alliance with an established firm. 
The positive, significant coefficient of By, — Ba, (287.61, 
р < .01; see Table 4) strongly supports this hypothesis. The 
coefficients in Table 3 provide additional details regarding 
this result. As Model 1 in Table 3 shows, for firms that go 
alone, greater historical legitimacy results in greater gains 
from new product introductions (Ва = 295.37, p < .01). In 
contrast, Model 2 shows that for firms that form alliances, 
historical legitimacy has a nonsignificant effect on gains 
from product introductions. These results suggest that when 
a firm forms an alliance, the marginal benefits of historical 
legitimacy are absent. 


Scientific legitimacy. H3 predicts that, all else being 
equal, the greater a new venture's scientific legitimacy, the 
larger are its gains from introducing a product without an 
alliance than through an alliance with an established firm. 
The positive, significant coefficient of By, — Ва (1070.52, 
p < .1; see Table 4) supports this hypothesis. Again, the 
coefficients in Table 3 provide details regarding this result. 
As Model 1 in Table 3 shows, for firms that go alone, 
greater scientific legitimacy results in greater gains from 
new product introductions (B, = 1369.51, p < .1). In con- 
trast, Model 2 shows that for firms that form alliances, sci- 


Specifically, if we denote the estimates for the go-alone model 
as 1 and those for the alliance model as 2, then Bnew = Вы — Ви» 
бр = N02, + 02,5, and DE, = (02, + 62,5? (04 /РЕ + 
об Еро), where the first equation represents the difference in 
coefficients obtained in the individual regressions, the second 
equation represents the standard error of the coefficient obtained 
after differencing, and the third equation represents the degrees of 
freedom used to calculate the t-statistics of the differenced coeffi- 
cients (Moore and McCabe 1998; Satterthwaite 1946). 

10To test whether the underlying model of Equation 1 with 
interaction effects is indeed the "true model,” we run a simple 
main-effects version of Equation 1 with no interaction terms. We 
then run a Chow test using the parameters from this model and the 
parameters from Equations 2 and 3 in Table 3. The Chow test 
reveals that the coefficients of the two models in Table 3 are 
indeed different (F — 20.86, p « .01), confirming that interaction 
effects exist. 
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TABLE 3 
Results of Selection Models 











Model 1 (GoAlone Selection Model 2 (Alliance Selection 
Nea о. =: ПИ. roe о Mer meme 
Intercept —473.32** .99 —172.37 —.315 
(211.15) (1.41) (127.23) (.915) 
Hist 295.37*** .055 7.76 .087 
(78.44) (.121) (17.73) (.115) 
Sci 1369.51* —1.28 299.33"* 1.04 
(753.87) (.88) (160.14) (.878) 
Mkt 1605.65*** —1.95* 88.96 .221 
, (647.40) (.98) - (156.82) (.872) 
Loc —8.87 .004 3.06* .018* 
Я (8.09) (.009) (1.80) (.011) 
KnowHow —.575 .0029* —.100 —.0006 
(1.00) (.0017) (.222) (.001) 
Priority 180.01 .007 —45.82 —.321 
(212.23) (.257) (59.24) (.297) 
Orphan 2.84 —.089 26.21 —.069 
(238.63) (.276) (66.91) (.368) 
Size —114.86 —.063 164.46 —.046 
(95.00) (.178) (199.59) (.150) 
MktPot 129.42*** – 147“ 23.59** .078 
(49.33) (.060) (11.70) (.071) 
Age —19.75 .008 –3.06 —.010 
(19.59) (.031) (5.63) (.028) 
Comp 5.01 —.0006 —1.59 —.0016 
(7.31) (.009) (1.89) (.0099) 
N: total 93 
N: uncensored 39 
Correction: self-selection (A) —837.77*** 189.27*** 
Log-likelihood —466.71 —287.88 
*р<.1. 
“р < .05. 
“p< .01. 
Notes: Standard errors are In parentheses. 
TABLE 4 
Estimated Coefficient Differences 
Expected Sign Implication 
GoAlone (Bg) —300.95* Negative H4 supported 
(238.74) 
Ваһ — Ван (historical legitlmacy) юу Positive Hə supported 
80.41) 
Bas — Bas (sclentific legitimacy) 1070.52* Posltive На supported 
(770.69) 
Ват — Bam (market legitimacy) 1516.69** Positive H4 supported 
(666.12) 
Ва! — Ba (locational legitimacy) —11.93* Positive Hs not supported 
(8.28) 
*р<.1. 
“p< .01. 


Notes: Standard errors are In parentheses. Calculation of p-values is as per n. 9. 


entific legitimacy has a positive but significantly lower 
effect on gains from product introductions (Ва = 299.33, 
р < .05). 

Market legitimacy. На predicts that, all else being equal, 
the greater a new venture's market legitimacy, the larger are 
its gains from introducing a product without an alliance 
than through an alliance with an established firm. As Table 
4 shows, Bgm — Bam is positive and significant (1516.69, p < 
.01), in support of Hy. 


Locational legitimacy. Finally, Hs predicts that, all else 
being equal, the greater a new venture's locational legiti- 
macy, the larger are its gains from introducing a product 
without an alliance than through an alliance with an estab- 
lished firm. Contrary to Hs, the coefficient of Ва — Ва is 
negative and significant (-11.93, р < .1). This unexpected 
result suggests that the much-researched "cluster effect" 
does not yield higher financial returns to product introduc- 
tions in the biotechnology industry. Nevertheless, though 


The Frults of Legitimacy / 69 


negative, the overall effect size is small, suggesting that 
being in a cluster does not have too negative an impact on 
AMktCap. 


Internal Versus External Legitimacy 


Figure 3 describes the impact of forming an alliance com- 
pared with going alone for firms with different levels of 
internal legitimacy. We plot the estimated difference in 
AMktCap (calculated using the coefficients in Table 3) 
between firms with high internal legitimacy that form 
alliances and those with high internal legitimacy that go 
alone. High-legitimacy firms are those with each internal 
legitimacy variable set to one standard deviation above the 
mean value in the sample. Similarly, we calculate the esti- 
mated difference in AMktCap (again using the coefficients 
in Table 3) between firms with low internal legitimacy that 
form alliances and those with low legitimacy that go alone. 
Low-legitimacy firms are those with each internal legiti- 
macy variable set to one standard deviation below the mean 
value in the sample. We find that a firm with low internal 
legitimacy that goes alone gains $367 million less in AMkt- 
Cap than one that introduces the product in alliance with an 
established firm. In contrast, a firm with high internal legit- 
imacy that goes alone gains $497 million more in AMktCap 
than one that introduces the product in alliance with an 
established firm (see Figure 3). 


Additional Analyses 

Do gains from alliances occur before product introduc- 
tion? A key result is that new ventures with high internal 
legitimacy gain more from going alone than from forming 
alliances. It might be argued that an alternative explanation 


exists for this result. Specifically, firms with high levels of 
internal legitimacy may be able to cut better deals when 
forming a product-specific alliance before the product is 
approved. For example, a firm with reputed scientists on its 
board might enter alliance negotiations with greater bar- 
gaining power, resulting in higher abnormal gains at the 
time of alliance formation. Consequently, the AMktCaps on 
product approval for firms with high internal legitimacy that 
form alliances might be low simply because the market has 
already incorporated the potential gains from product intro- 
duction at the time the alliance was announced. 

To examine this possibility, we obtain the announce- 
ment dates of all product-specific alliances of firms in our 
data set. We use these dates to calculate the AMktCaps due 
to alliance announcements. We then regress these alliance- 
specific AMktCaps against the measures of internal legiti- 
macy. We do not find a significant, positive association 
between the legitimacy variables and the alliance-specific 
AMktCaps. Furthermore, we do not find a significant corre- 
lation between the AMktCaps at the time of alliance forma- 
tion and the AMktCaps at product approval (pairwise 
correlation = ~.0002, p = .3). Thus, we reject the alternative 
explanation that our results are driven by not taking into 
account the increase in firm value at the time of alliance for- 
mation. Finally, although we find that internal legitimacy 
has no effect on alliance AMktCaps, we find that the spe- 
cific details of alliances (e.g., royalty terms, property 
rights-sharing agreements) do have a significant effect on 
them. 


Does the exclusion of failed new product introductions 
affect our results? Given our emphasis on the returns to new 
product introductions, the results we report focus only on 
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products that are actually introduced into the; marketplace. 
Nevertheless, does legitimacy help or hurt the odds of prod- 
ucts under development making it to launch in the first 
place? To address this question, we obtain additional data 
on all products—both successes and failures—that entered 
the FDA drug pipeline during our study period (1982- 
2002). These data cover products that were approved, 
discontinued, or remained in the product development 
pipeline. In all, we have 530 observations with 93 
approvals, 187 rejections, and 250 with right truncation. As 
such, we analyze these data using a competing risk Cox 
proportional hazard model (see Lunn and McNeil 1995). 
This analysis suggests that legitimacy is actually associated 
with lowered odds of failure in the FDA approval process, 
even after we account for investments in research and devel- 
opment (R&D) and priority status in clinical trials. Specifi- 
cally, a firm with historical legitimacy obtained through a 
previous product introduction improves its chances of being 
approved (relative to being discontinued) by approximately 
26% (e 231 = 1.26). A firm that has an external alliance with 
an established firm improves its chances of being approved 
(relative to being discontinued) by approximately 6396 
(e492 = 1.63). Locational legitimacy also pays off in terms 
of increased probability of approval; a one standard devia- 
tion improvement in locational legitimacy leads to an 
increased hazard of being approved (relative to being dis- 
continued) of approximately 4796. In contrast, a high mar- 
ket potential decreases the chances of being approved, per- 
haps because of greater regulatory scrutiny for more 
important drugs. Investments in R&D also pay off, by yield- 
ing better odds of approval (or correspondingly lower odds 
of failure). Similarly, receiving priority review status from 
the FDA dramatically improves a drug's chance of 
approval. The results of this analysis suggest that legitimacy 
is actually associated with lowered odds of failure in the 
FDA approval process, even after we account for invest- 
ments in R&D. In other words, legitimacy actually helps 
products under development make it to launch in the first 
place. These results further highlight the importance of 
legitimacy in driving the success of innovations by new 
ventures. 


Are our results robust to alternative estimation meth- 
ods? We estimate the results in Table 3 using maximum 
likelihood. To check for the robustness of our results to the 
estimation method, we also estimate the model using (1) an 
OLS specification, (2) a Cox proportional hazard model, 
and (3) a Heckman two-stage procedure. The results from 
these analyses are consistent with those from the maximum 
likelihood estimation procedure we report here. The consis- 
tency of our results across these methods reinforces the 
robustness of the results. 


Do the legitimacy variables act as proxies for quality? 
If the legitimacy variables we examine simply act as prox- 
ies for product quality, they would not play the suggested 
conceptual role in explaining returns to product introduc- 
tion. Moreover, they would cause concerns about additional 
endogeneity in our model and raise questions about our 
results regarding the effects of legitimacy on the rewards to 
product introduction because it would be unclear whether 


the results reflect the true effects of legitimacy or simply the 
indirect effects of product quality. 

We address these concerns both conceptually and 
empirically. Conceptually, a firm with a high-quality prod- 
uct might be able to attract high-quality scientific and mar- 
ket talent, thus increasing its scientific and market legiti- 
macy. In contrast to scientific and market legitimacy, 
however, locational and historical legitimacy are both 
largely tied to the origins of each firm. In general, they are 
established long before the introduction of a particular 
product and are not easily changed in response to a high- 
quality product. As such, locational and historical legiti- 
macy do not serve as proxies for the quality of a particular 
product. 

To address the empirical concern that scientific and 
market legitimacy might simply be proxies for product 
quality, we run OLS regressions with scientific and market 
legitimacy measures as dependent variables and various 
product-, market-, and firm-specific measures of quality as 
independent variables. Specifically, we include the follow- 
ing independent variables: a priori market potential, relative 
consumer benefits, whether the product was a niche prod- 
uct, competitive intensity in the market, and a quality- 
adjusted metric of each firm's know-how that weights the 
patent stock of each firm by the citations received by each 
patent. The results from this analysis indicate that most of 
these measures have no significant effect on either scientific 
or market legitimacy.!! These results provide some reassur- 
ance that our measures of internal legitimacy do not simply 
serve as proxies for quality. 


Which sources of internal legitimacy matter more? 'The 
estimates of the internal legitimacy variables (in Table 3) 
provide dollar measures of the impact of the improvements 
in various legitimizing strategies. For example, a one- 
standard-deviation increase in historical, scientific, and 
market legitimacy decreases the negative impact of going 
alone by $495 million, $205 million, and $272 million, 
respectively. We also estimate standardized coefficients 
(from Table 3) for the internal legitimacy variables to assess 
the relative impact of these variables on AMktCap when 
firms go alone. We find that historical legitimacy and mar- 
ket legitimacy have the greatest impact on payoffs (2 = 3.77, 
р < .01, and z = 2.48, р < .01, respectively), followed by 
scientific (z = 1.82, p « .1) legitimacy. Аз we reported pre- 
viously, the impact of geographical legitimacy is negative 
(z = 1.10, p « .3). These results have many implications, as 
we discuss next. 


Discussion and Implications 
We show that new ventures can overcome the liability of 
newness by adopting strategies that give them legitimacy in 
the eyes of stakeholders. New ventures can gain legitimacy 


11None of the quality measures have a significant effect on sci- 
entific legitimacy, and none of the quality measures except for the 
a priori market potential measure have a significant effect on mar- 
ket legitimacy. 
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through the associations they form with other, more estab- 
lished and reputed entities. We find that this legitimacy pays 
off by directly raising the rewards to such firms from their 
product introductions. 

АП else being equal, we find that new ventures that 
acquire external legitimacy by forming alliances with estab- 
lished firms in related industries gain more from their new 
products than new ventures that do not form such alliances. 
Among new ventures that do not form alliances, those that 
acquire internal legitimacy by creating a history of success- 
ful product introduction or by hiring reputed scientists and 
managers gain more from their new products than those that 
do not. Finally, although new ventures can gain from either 
external or internal legitimacy, we find that pursuit of exter- 
nal legitimacy by firms that already have internal legitimacy 
leads to lower rewards to innovation. 


Implications for Research 


Our findings have three major implications for research. 
First, we show that legitimacy explains the differential gains 
to new ventures from new product launch. Prior research on 
the issue of why some firms gain more from their new prod- 
ucts than others suggests that this is due to variables such as 
firm size, know-how, resources, or the attributes of the 
product launched. Although these explanations are relevant 
to mature industries, they are less applicable to emerging 
industries in which firms are roughly the same size and new 
products are all more or less breakthrough in nature. We 
show that product gains vary greatly between firms that 
adopt legitimizing strategies and those than do not. The lit- 
erature has traditionally emphasized how a desire for legiti- 
macy pushes firms toward conformity with each other. Our 
results stress the need for more research on how managers 
use legitimizing strategies to differentiate their firms from 
others. 

Second, this article is one of the first in marketing to 
incorporate the role of legitimizing forces in determining 
the outcomes of marketing actions (see Grewal and Dhar- 
wadkar 2002). The effects of legitimacy have been studied 
in other contexts, linking it to firm survival rates (Ruef and 
Scott 1998), new venture growth (Zimmerman and Zeitz 
2002), and initial public offering success (Higgins and 
Gulati 2003). Our results are consistent with these previous 
studies. However, we go beyond these studies and outline a 
typology of legitimizing strategies in the context of product 
introduction. The role of legitimizing strategies in other 
marketing contexts is a topic that merits additional research. 

Third, in contrast to much of the literature on the bene- 
fits of locating new ventures in industrial clusters, we find 
that firms seeking this form of legitimacy actually lose out 
compared with those that do not. This finding suggests that 
location is not as important as is implied in the literature, 
specifically in the context of product launches by new 
ventures. 


Implications for Practice 


Our findings provide fresh insights into how new ventures 
in emerging industries can improve their new product 
launch. We show that to introduce products successfully, 
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new ventures must engage in active legitimizing strategies. 
These strategies provide new ventures with credibility in the 
eyes of stakeholders and, in the process, bring them greater 
rewards from product introduction. These rewards provide 
much-needed revenues that, in turn, help new ventures sur- 
vive and grow. 

А key implication of our study for managers of new 
ventures is that they need not and should not duplicate the 
legitimacy gained through internal means with that gained 
through alliances. The markets view such duplication as 
unnecessary and costly. Thus, if new ventures do not have 
internal legitimacy, they should form alliances. Conversely, 
if they have internal legitimacy, they should bring their 
products to market themselves. Moreover, we find that not 
all forms of internal legitimacy are equal. A history of suc- 
cessful product launches (historical legitimacy) has the 
greatest impact on gains from product introduction, fol- 
lowed by the presence of executives (market legitimacy) 
and respected academics (scientific legitimacy) on the 
board. Therefore, all else being equal, for firms that go 
alone, it pays more to have introduced a new drug before, 
followed by adding a reputed executive and then a reputed 
scientist to the firm's board.12 

Our analysis of product failures in addition to successes 
shows that legitimacy is associated with lowered odds of 
failure in the FDA approval process. These results further 
highlight that investments in legitimacy help firms not only 
reap greater financial rewards from their products but also 
bring these products to market in the first place. 

Marketers have extensively studied the positioning of 
products. Our research suggests that new ventures in emerg- 
ing industries also need to position themselves to gain more 
from their new products. Given two products of the same 
quality, the product introduced by the more legitimate firm 
gains more. For new ventures facing intense competitive 
pressures and serious resource constraints, these gains 
could make the difference between life and death. 


Limitations and Further Research 


As with many early studies in an area, this research suffers 
from several limitations, some of which offer fruitful 
avenues for further research. First, we highlight four types 
of internal legitimizing actions: historical, scientific, mar- 
ket, and locational. These four dimensions may not be 
exhaustive. Further research that examines additional 
dimensions of legitimacy would be helpful. Second, 
because of data limitations, we assume that all alliances 
provide external legitimacy, and thus we do not examine 
whether certain types of alliances with certain established 
firms provide certain types of legitimacy or whether some 
alliances provide greater external legitimacy than others. 
Third, we examine the effects of legitimizing strategies on 
new ventures that actually introduce new products. Further 
research might study the effects of such strategies on new 


I?7That market legitimacy matters more than scientific legiti- 
macy is consistent with literature on new product development that 
posits that market risk matters more than technical risk (L1 and 
Calantone 1998; Moorman 1995; Song and Montoya-Weiss 2001). 


ventures that do not introduce products or those whose 
products are not approved. Fourth, given our interest in 
rewards to new ventures, we do not examine the returns to 
the introduction of biotech products by established pharma- 
ceutical firms. Rather, we focus on the stock market-based 
returns to new products introduced by biotechnology firms. 
It would be useful to examine whether the findings from 
this industry generalize to other contexts and whether the 
stock market effects we find hold for other performance 
metrics, such as revenues and profits. 


Appendix A: Measuring Change in 
Market Capitalization 
We measure AMktCap, by employing a market-adjusted 
model (Brown and Warner 1985). Thus: 


(Al) АМКІСар, = 
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where 


AMktCap;, = market capitalization change due to the 
event at date t for stock i (FDA approval 
date), 

Кт = return on stock i at date T, 
Кшт = return on market index m at date T, 
Pit -2 = price of stock i at date t — 2, and 
М„_2 = number of outstanding shares of stock i at 
date t — 2.13 


First, our measure of change in market capitalization 
calculates the absolute dollar value for rewards to product 
introduction using abnormal returns. Thus, we follow other 
researchers who have also attempted to compare across 
many firms the gains (or losses) that accrue from an impor- 
tant event (Dowdell, Govindaraj, and Jain 1992; Hendricks 
and Singhal 1997; Sorescu, Chandy, and Prabhu 2003). 
Although some empirical work using the event study 
method employs percentage abnormal returns as the mea- 
sure of interest, such work is typically concerned with 
whether an event results in abnormal returns and not with 
comparing the absolute gains that accrue across several 
firms. In using a dollar measure, we are also consistent with 
most research on the performance impact of marketing 
actions. For example, research on advertising effectiveness 
highlights the dollar revenues or dollar profits obtained as a 


13We use the window (—1, +1) to be consistent with most prior 
research. Nevertheless, we check for robustness by also doing the 
analysis for the windows (0, 2), (—1, +2), and (—2, +2). Our results 
remain qualitatively unchanged. To check for robustness, we also 
create alternative dependent variables using period-adjusted and 
market-adjusted models. The results using these variables are con- 
sistent with the findings reported here and are available on request. 


result of advertising and not whether these revenues had a 
greater impact on the overall value of one firm versus 
another based on percentage gains. 

Second, by choosing the date of product introduction as 
the event date, we can assess the impact of legitimacy on 
the stock market gains to product introduction. Note that by 
the time a product is introduced, the market is already 
aware of the legitimacy variables (e.g., external, product 
specific alliances) and has incorporated these into the valu- 
ation of the firm as a whole. Therefore, if we were to find a 
significant association between our measures of legitimacy 
at the time of product introduction, all else being equal, 
these associations would be a measure of how the valuation 
of the particular product being introduced is affected by the 
presence of various types of legitimacy. 

Furthermore, whenever we refer to the date of "product 
introduction,” we are referring to the FDA approval event. 
The FDA approval virtually ensures that the new drug will 
be launched in the near future, and thus the market reaction 
to the FDA approval practically incorporates all the gains 
associated with actual introduction. As such, this is the cor- 
rect date to be used in event studies of returns to new prod- 
uct introduction in the pharmaceutical industry (Sorescu, 
Chandy, and Prabhu 2003). 

In computing abnormal returns, it is crucial to ensure 
that the event date is accurately noted. We obtain and cross- 
check product introduction dates from multiple sources, 
including FDA announcements, trade press tabulations, and 
Dow Jones and Reuters wire services.!4 The AMktCaps we 
compute are reported in millions of dollars, adjusted using a 
consumer price index deflator to reflect constant 1987 
dollars. 


Appendix B: Estimation Procedure 


We rewrite Equation 2 for the firms that go alone in the fol- 
lowing succinct form: 


(B1) AMktCap, = Х,В + u,. 


A firm’s decision to go alone is based on the underlying 
selection Equation 4a, which can be summarized as 
follows: 


(B2) GoAlone,” = ZY + 6, 


where GoAlone,* is the net benefit of going alone and 
GoAlone, = 1 iff GoAlone;* > 0 and 0 if otherwise. 

To estimate consistent parameters for Equations B1 and 
B2, we use sample selection estimation methods (Heckman 


It might be argued that there is information leakage about the 
new product before final FDA approval. For example, an FDA 
advisory panel might approve the product, in which case the final 
approval may be a mere formality. In such cases, relying only on 
net present values (NPVs) generated at final approval might not 
capture the “true” NPV associated with the product. To test for 
this, we construct an alternative two-window dependent measure. 
We do so by summing the NPV generated at the time of final FDA 
approval and the NPV generated at the time of FDA advisory 
panel approval, if any, for each product. We run regressions using 
this alternative dependent variable and find that our results are 
qualitatively unchanged. These results are available on request. 
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1979) that employ maximum likelihood. In the estimation 
procedure, we account for the dichotomous nature of the 
selection variable (GoAlone, — 1 for firms that go alone, 
and GoAlone, = 0 for firms that form alliances) and jointly 
estimate Equations B1 and B2. The dependent variable in 
Equation B2 is “observed” for GoAlone; = 1 and “cen- 
sored” for GoAlone, = 0. In other words, for GoAlone; = 1, 
we observe Z;, X,, and AMktCap;, but for GoAlone; = 0, we 
observe only Z, and X,, and AMktCap; is censored. We esti- 


mate Equations B1 and B2 jointly using maximum likeli- 
hood. We adopt a similar procedure for the alliance case. In 
the case of firms that form an alliance, the formulation is 
reversed, and the dependent variable is observed when firms 
form an alliance and is censored when firms go alone. For a 
discussion of the details of the likelihood function, its large- 
sample properties, and its comparison to the two-stage pro- 
cedure, see Maddala (1983). 
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Robert W. Palmatier 


Interfirm Relational Drivers of 
Customer Value 


This article integrates social network and exchange theory to develop a model of customer value based on three 
relational drivers: relationship quality (the caliber of relational ties), contact density (the number of relational ties), 
and contact authority (the decision-making capability of relational contacts). The results suggest that the value 
generated from interfirm relationships derives not only from the quality of customer ties (e.g., trust, commitment, 
norms), as is typically modeled, but also from the number and decision-making capability of interfirm contacts and 
the interactions among relational drivers. Moderator analysis of customer characteristics suggests that increasing 
contact density benefits sellers that have customers with high employee turnover rates, whereas building 
relationships with key decisions makers generates the highest returns among customers that are more difficult to 
access. The conceptual model of the impact of interfirm relational drlvers on customer value receives support from 
dyadic data across 446 business-to-business exchanges. 


Keywords. relationship marketing, interorganizational relationships, business-to-business marketing, network 
theory, customer value 


seller financial performance in business-to-business dyads and large networks of firms in terms of interaction 

markets has been widely accepted by both business complexity, social network theory may provide insight into 
managers and academics (McKenna 1991; Palmatier, Dant, these "missing" drivers of relationship performance. For 
and Grewal 2007). Marketers spend their limited budgets on example, social exchange theory using a dyadic perspective 
"building" strong customer relationships, and firms often suggests that commitment and trust between two firms is 
make costly acquisitions by "buying" new relationships. the key relational driver of performance, whereas social net- 
Researchers investigating the effects of relationships typi- work theory suggests that other attributes, such as the level 
cally apply social exchange theory to relationship dyads to of interconnectedness among network entities, can also be 
model the influence of trust, commitment, or relationship critical determinants of performance (Van Den Bulte and 
quality on performance (Crosby, Evans, and Cowles 1990; Wuyts 2007). 
Morgan and Hunt 1994), but the results from a recent meta- Synthesizing these two theoretical perspectives in the 
analysis indicate that the effects of relationships on perfor- interfirm context identifies three relational drivers of CV: 
mance are not fully captured by these relational mediators relationship quality (the caliber of relational ties), contact 
(Palmatier et al. 2006). More specifically, as Palmatier and density (the number of relational ties), and contact authority 
colleagues (2006, p. 152) recommend, “Research should (the decision-making capability of relational contacts). In 
expand the constructs included in the [relational]-mediated addition, proposing multiple relational drivers enables the 
framework and determine which aspects or dimensions evaluation of synergies (interactions) among the drivers of 
should be included to obtain a multifaceted view of rela- relationship performance. This research finds support for 
tionship exchanges." Thus, after 20 years of relationship the premise that the value generated from interfirm relation- 
marketing research, a critical question remains: What other ships derives not only from the quality of the customer ties 


T= positive effect of strong customer relationships on ing firms and fall on the continuum between one-to-one 


relationship attributes or mechanisms, in addition to rela- (e.g., trust, commitment, norms), as is typically modeled 

tionship quality (trust and/or commitment), can account for (Morgan and Hunt 1994; Siguaw, Simpson, and Baker 

relationship marketing’s effect on performance? 1998), but also from the number of interfirm ties, the 
The current research addresses this question by integrat- authority of the contact portfolio, and the interaction among 

ing social network and exchange theories to develop a relational drivers. 

model for customer value (CV) in interfirm exchanges. A more fine-grained model of the relational drivers of 

Because interfirm exchanges often entail relationships CV supports the investigation of customer factors, which 


between groups of decision makers at both buying and sell- may leverage specific relational drivers. For example, rela- 
tionship quality has a greater impact on performance for 
service than for product sales (Palmatier et al. 2006), but 
Robert W. Palmatier 15 Evert McCabe Faculty Fellow, Michael G. Foster what factors leverage the impact of contact density and 


бара и Ваа ню вы hry оп CV? Understanding to е des te 
the Institute for the Study of Business Markets for financlal support of this levers of CV may provide more targeted guidance to man- 
research. agers tasked with improving the return on their relationship 


marketing investments. 
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This article evaluates the effect of relational drivers on 
CV across 446 business-to-business relationships. It con- 
tributes to existing literature by providing insight into three 
research questions. First, what are the key relational drivers 
of CV? Identifying, measuring, and testing a spectrum (e.g., 
quality, density, authority) of relational drivers can provide 
managers with insights into which relationship characteris- 
tics have the greatest impact on seller performance. Second, 
what are the synergies among relational drivers? The inter- 
actions among different relational drivers may affect alloca- 
tion decisions between improving relationship quality with 
existing contacts and developing relationships with new 
contacts. Third, what customer factors leverage the impact 
of relational drivers on CV? Understanding the moderating 
effect of customer factors should enable managers to target 
their relationship strategies according to specific customer 
characteristics. In the aggregate, this expanded framework 
for interfirm relationships provides a theoretical platform 
for guiding future interfirm and relationship marketing 
research. 


Drivers of Customer Relationship 
Value 


Sellers invest in building relationships with customers 
because of their expectation that these efforts will increase 
customers' contributions to the seller's sales and profits and 
thus, in essence, will increase the overall value of customers 
to the seller. In line with this logic, CV is the utility the cus- 
tomer provides the selling firm (Berger et al. 2002). There- 
fore, a key focus of this research is to identify the aspects of 
an exchange (i.e., relational drivers) that influence the inter- 
firm relationship's ability to generate value for the seller. 

Extant research based on social exchange theory shows 
that a customer's commitment to and trust in the seller (e.g., 
Doney and Cannon 1997; Morgan and Hunt 1994) are 
important drivers of performance, but a recent synthesis of 
more than 38,000 relationships suggests two refinements to 
this perspective (Palmatier et al. 2006). First, neither trust 
nor commitment has the greatest impact on seller perfor- 
mance; rather, the composite measure of relationship qual- 
ity affects objective measures of performance most. Thus, 
researchers argue that because "no single or best relation- 
ship mediator can capture the full essence" of a relation- 
ship, marketers should use a more holistic, higher-order 
aggregate measure of relationship quality (Palmatier et al. 
2006, p. 149). Second, even relationship quality fails to cap- 
ture the effects of an interfirm relationship on performance 
fully. This supports “а multidimensional perspective of rela- 
tionships" to identify the "missing" relationship attributes 
and thereby better understand the spectrum of performance- 
relevant aspects of interfirm relationships (Palmatier et al. 
2006, p. 150). 

Because interfirm relationships often involve groups of 
people who represent both buying and selling organizations 
(Bonoma and Johnston 1978), viewing these firms as 
groups with multiple intergroup ties and applying social 
network theory may provide insight into other performance- 
relevant aspects of relationships. This claim is consistent 
with Achrol's (1997, p. 56) view that one of the major 


"changes in the theory of interorganizational relations in 
marketing" is *moving from a dyadic view of exchange to a 
network view." Network theory has emerged as a valuable 
perspective for modeling the interaction among multiple 
entities within an overall network (Borgatti and Foster 
2003; Houston et al. 2004). Because customer-seller inter- 
firm relationships lie on the spectrum between one-to-one 
dyads and multifirm networks, some network characteris- 
tics identified by network theorists may inform the study of 
interfirm relationships. Specifically, in addition to relation- 
ship quality, two network characteristics may influence per- 
formance in theoretically meaningful ways in interfirm rela- 
tionships: network density (contact density) and network 
diversity/attractiveness (contact authority). Integrating these 
theoretical perspectives yields three key drivers of interfirm 
relationship performance that may capture a more complete 
constellation of relational attributes: relationship quality, 
contact density, and contact authority. 


Relationship Quality 


The first driver of CV, relationship quality, captures the cal- 
iber of relational ties with an exchange partner; relational 
"ties" are the connecting links between exchange partners 
that influence or restrain a partner's actions. Relationship 
quality parallels the concept of tie strength in network 
theory (Van Den Bulte and Wuyts 2007). Consistent with 
previous research (Crosby, Evans, and Cowles 1990; De 
Wulf, Odekerken-Schrüder, and Iacobucci 2001; Kumar, 
Scheer, and Steenkamp 1995), relationship quality may be 
conceptualized as a higher-order latent construct with mul- 
tiple first-order factors (commitment, trust, reciprocity 
norms, and exchange efficiency). Researchers often include 
different first-order factors, but they are consistent in argu- 
ing that relationship quality is a higher-order, holistic view 
of a relational exchange composed of multiple facets. Thus, 
each first-order factor, though related, captures unique 
aspects of the relationship and, in the aggregate, indicates 
the overall caliber of the relational ties. 

More specifically, commitment represents a desire to 
maintain a valued relationship and, thus, an exchange part- 
ner's relationship motivation toward a partner. Trust 
involves the evaluation of a partner's reliability and 
integrity, which generates confidence in the partner's future 
actions that support cooperation. Reciprocity norms, or 
internalized beliefs and expectations about the balance of 
obligations in an exchange, may take longer to develop but 
have a pervasive impact on many exchange behaviors. 
Exchange efficiency—an assessment of the time, effort, and 
resources needed to maintain a relationship—positively 
influences exchange performance because "governance 
structures that have better cost economizing properties will 
eventually displace those that have worse, ceteris paribus" 
(Williamson 1981, p. 574). Thus, high-quality relationships 
not only are indicated by high levels of trust, commitment, 
and reciprocity but also entail an appropriate or efficient 
cost of maintaining the relationship with a “minimum of 
hassles” or waste of time and effort (De Wulf, Odekerken- 
Schréder, and Iacobucci 2001, p. 37). 

Overall, relationship quality enhances both cooperative 
and adaptive behaviors because a trusted partner in an 
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exchange with strong reciprocity norms will accept risk by 
providing a benefit, making an investment, or changing the 
terms of the interaction without an immediate concession or 
formal guarantee of repayment in the future. Customers' 
cooperative and adaptive behaviors create value for the sell- 
ers because these customers are more willing to adapt to the 
seller's product changes, test new products, and invest in 
reducing the seller's costs, with the expectation that the 
seller will reciprocate in the future. Moreover, partners 
involved in high-quality, committed relationships are more 
willing to disclose proprietary information, which enables 
sellers to cross-sell additional products more effectively and 
properly price products, which in turn increases sales to and 
profits from customers. In the aggregate, consistent with 
extant literature, relationship quality and its individual com- 
ponents positively affect a wide range of seller outcomes 
that increase the customer's value to the seller (Crosby, 
Evans, and Cowles 1990; De Wulf, Odekerken-Schrider, 
and Jacobucci 2001; Palmatier et al. 2006; Siguaw, Simp- 
son, and Baker 1998). 


H;: Relationship quality is positively related to CV. 


Contact Density 


The second driver of CV is contact density, or the number 
of relational ties with an exchange partner. Contact density 
is similar to the network concepts of network density, or the 
level of interconnectedness among network members, and 
degree centrality, or the number of direct ties between a 
specific member and other network members (Houston et 
al. 2004). Network research shows that these forms of net- 
work interconnectedness positively affect cooperation, 
knowledge transfer, communication efficiency, and product 
development performance (Rowley 1997; Tsai 2001; 
Walker, Kogut, and Shan 1997). 

Thus, in an interfirm context, relationships that include 
many interpersonal ties can better uncover and verify key 
information, find profit-enhancing opportunities, and build 
and maintain strong interfirm relationships. A key goal of 
any selling organization is to understand a customer’s needs 
and problems to position its product offering appropriately 
in terms of price and, thus, to maximize the seller’s prof- 
itable sales. Sellers that have a wide breadth of contacts 
have multiple sources to identify and refine sales opportuni- 
ties and to price the offering optimally for maximum value 
creation and appropriation. In addition, employees change 
(e.g., promotions, retirement), and sellers that have a dense 
contact portfolio can more efficiently maintain and build 
relationships as new people move into the organization, 
because the new employees are quickly socialized into the 
existing relationship norms through word of mouth by those 
who remain with the firm, which reflects “norm persis- 
tence” (Jacobs and Campbell 1961). Overall, a seller that 
has more interpersonal ties (i.e., contact density) with a cus- 
tomer should gain better access to information and sales 
opportunities and be more efficient at building and main- 
taining customer relationships, thus increasing the seller’s 
ability to generate profits. 


Но: Contact density is positively related to CV. 
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Contact Authority 


The third driver of CV, contact authority, indicates the 
decision-making capability of the relational contacts with 
an exchange partner. Contact authority is similar to the net- 
work concepts of attractiveness and social capital of net- 
work partners, which capture the extent to which network 
partners have unique knowledge, skills, and capability to 
influence resource decisions (Anderson, Hakansson, and 
Johanson 1994; Wasserman and Faust 1994). More attrac- 
tive network partners provide access to and control more 
valuable information and resources, which supports 
increased value creation from network ties (Baum, Cal- 
abrese, and Silverman 2000; Burt 1992). 

In an interfirm context, the authority of the seller’s con- 
tact portfolio increases the seller’s ability to effect change in 
the customer organization. Greater authority in its contact 
portfolio provides the seller with both information about 
and access to the critical decision maker throughout the 
sales cycle to achieve desired outcomes. Thus, contact 
authority accounts for the inability of even high-quality 
relationships with multiple contacts within the customer 
firm to ensure that things happen. If a seller’s relationship 
portfolio does not include key decision makers, it may not 
be able to effect change. Overall, a seller with a contact 
portfolio that includes the key decision makers in the cus- 
tomer firm should have greater access to valuable, non- 
redundant information and be better able to identify and 
overcome barriers. Better information improves a seller’s 
decision making, including which new products to launch, 
cross-sell, or up-sell, and enables better pricing decisions, 
with the overall effect of increasing profitable sales to a 
customer. Access to high-level decision makers also enables 
a seller to counter competitors’ actions more effectively by 
increasing understanding of the key decision parameters, 
adapting offerings, and applying interpersonal persuasion. 
A competitor that has access to contacts with less authority 
will have less relevant information and less opportunity to 
persuade decision makers. Overall, sellers that have access 
to key decision makers will be better able to increase sales 
and profits by leveraging their better information and ability 
to influence the decision process. 


H3: Contact authority is positively related to CV. 


Synergles Among Relational Drivers 


Each of these three relational drivers captures a different 
aspect of an interfirm relationship, but relationship perfor- 
mance is further enhanced when the drivers reinforce one 
another. As Palmatier and colleagues (2006, p. 152) sug- 
gest, “the scope of [relationship marketing] research should 
be expanded to investigate potential interactions among 
relational mediators in order to identify relational syner- 
gies.” The premise of synergies among relational drivers is 
consistent with research in social networks. As Van Den 
Bulte and Wuyts (2007, p. 31) summarize, different aspects 
of network structure capture the “ability, opportunity, and 
motivation” of network partners, and these characteristics 
reinforce one another to enhance performance. Specifically 
in the interfirm context, in addition to relationship quality’s 


direct effect on CV, it may positively moderate the effect of 
contact density and authority on CV (see Figure 1). 

Relationship quality may enhance the positive main 
effects of contact density and authority on CV by increasing 
the “motivation” of customer contacts to take risks, respond 
to sellers’ requests (cooperate and adapt), and be empathic 
to the seller's perspective (reciprocity). For example, rela- 
tionship quality leverages contact density because many 
cursory contacts (high density, low quality) with a customer 
provide little protection against the stress of a service fail- 
ure; none of these low-quality contacts are likely to support 
the seller during a problem period (because of the lack of 
relational motivation). Similarly, one high-quality contact 
(high quality, low density) may not want to take the risk of 
being a sole supporter or may be unable to influence a 
decision-making group (Brown 2000). Alternatively, multi- 
ple high-quality contacts (high density, high quality) should 
give these many contacts the relational motivation (commit- 
ment, reciprocity norms) and confidence (trust) to support 
the seller during a service recovery. 

А similar argument can be made for relationship quality 
enhancing the impact of contact authority on seller perfor- 


mance because sellers that have high-quality ties with key _ 
decision makers are best positioned to execute their selling 
strategies. For example, if a seller's contact portfolio 
includes key decision makers (high authority) but the inter- 
personal ties across these contacts are poor (low quality), 
these contacts are less likely to disclose information 
(Crosby, Evans, and Cowles 1990) or be influenced by the 
seller's needs (reciprocity debts). Even if the seller enjoys 
high-quality relationships with many contacts, if these con- 
tacts have little decision-making ability (low authority), the 
seller cannot access key information or orchestrate change 
within the customer. In some ways, the proposed interaction 
is similar to the finding that relationship ties increase the 
likelihood of a person finding a new job only when the tie 
exists with someone “who is well placed in the occupa- 
tional structure" (Granovetter 1983, p. 207). Thus, both the 
quality of ties and the decision-making capability of the 
contact determine how well the relationship can help a 
seller achieve its objectives. 

Moreover, contact authority reflects only the latent 
capability or potential of the contact portfolio to institute 
profit-enhancing change; this potential becomes actualized 


FIGURE 1 
Interfirm Relational Drivers of CV 
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by building high-quality relationships with contacts, which 
provides the motivation for these contacts to act. For exam- 
ple, contact authority identifies the key decision makers and 
offers some level of access, but relationship quality pro- 
vides the contacts with the motivation and confidence to 
cooperate with the seller (Anderson and Narus 1991; Mor- 
gan and Hunt 1994). 

Overall, parallel to social network research in which 
network characteristics, which capture the ability, opportu- 
nity, and motivation of network partners, interact to drive 
performance (Van Den Bulte and Wuyts 2007), in interfirm 
relationships, authority reflects the partners' ability, and 
density reflects opportunity, which can best be leveraged by 
relationship quality that provides the partners’ motivation. 


На: The positive association between contact density and CV 
is greater as relationship quality 1ncreases. 

Hs: The positive association between contact authority and 
CV is greater as relationship quality increases. 


Leveraging the Effects of Relational Drivers on 
сү 


Identifying the key relational drivers of CV is essential, but 
these drivers may not be equally important for all cus- 
tomers. Thus, another focal issue this research considers 
involves understanding which customer factors leverage the 
impact of relational drivers on CV. Classical contingency 
theory argues that the effectiveness of a firm's actions 
depends on the fit with structural and contextual factors 
(Donaldson 2001; Drazin and Van de Ven 1985). Network 
researchers apply contingency theory to show that the 
impact of network characteristics on performance also 
depends on contextual factors (Mohrman, Tenkasi, and 
Mohrman 2003; Stevenson and Greenberg 2000). Thus, for 
each relational driver, a customer characteristic may be 
identified, which represents a potential contingency condi- 
tion for the impact of that relational driver on CV. Relevant 
contextual variables may stem from multiple levels (e.g., 
environment, industry, customer), but the current research 
focuses only on customer-level variables based on the 
managerial relevance criterion because customer character- 
istics best support sellers' efforts to segment and target mar- 
keting investments. 

Relationship quality increases a partner's willingness to 
accept risk, enhancing both cooperative and adaptive behav- 
iors, which affects customer decisions and can result in 
enhancements to the seller's sales and profits. Because ser- 
vices entail a higher degree of performance uncertainty than 
products because of their intangibility, customers depend 
more on sellers of services, so the enhanced flexibility and 
cooperation resulting from high-quality relationships 
should be more important to service customers (Pfeffer and 
Salancik 1978). More specifically, because customers are 
less able to evaluate services fully ex ante, they prefer to 
procure services from sellers with which they have high- 
quality, flexible relationships. That is, customers should 
exhibit preferential treatment (e.g., expanded sales, pre- 
mium prices) toward sellers with which they experience 
higher levels of relationship quality in exchanges involving 
services than in those involving only products. Consistent 
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with extant literature, relationship quality should have a 
greater impact on a seller's sales and profits among cus- 
tomers whose purchases involve higher levels of service 
content (Palmatier et al. 2006; Zeithaml, Parasuraman, and 
Berry 1985). 

Contact density can enhance a seller's profits by provid- 
ing access to information sources and sales opportunities 
and by mitigating the negative effect of contact personnel 
turnover through the diversification of customer contact 
points. Thus, a key benefit of a seller having many rela- 
tional ties is conditional on turnover in customer contacts. 
This argument mirrors the recommendation to use team 
selling to reduce the negative effect of salesperson turnover 
on performance (Bendapudi and Leone 2002). A seller with 
more interfirm ties (contact density) should be able to 
replace the loss of any specific relational tie more easily by 
either shifting the transaction to another existing tie or 
rebuilding a bond with a new contact (accelerated by norm 
diffusion from other relational contacts; see Brown 2000). 
In summary, contact density should have a greater impact 
on performance in situations characterized by a high level 
of customer contact turnover. 

Contact authority increases the seller's access to valu- 
able, nonredundant information and ability to identify and 
overcome selling barriers, which enhances the seller's abil- 
ity to grow sales and profits with a customer. If a customer's 
decision makers are easily approachable, competitors can 
access the same information, respond to sales positioning, 
and build their own relational ties, which undermines some 
of the benefits to the seller. For example, a seller that knows 
and can access key decision makers who other sellers have 
trouble accessing should gain a sales advantage from its 
better information, reduced competition, and greater ability 
to overcome selling barriers. Thus, contact authority should 
have a greater impact on the seller's ability to generate sales 
and profits from a customer as the difficulty to interface 
with the customer increases. 

Hg: The positive association between relationship quality and 
CV is greater as the service content of customer sales 
Increases. 

Ну: The positive association between contact density and CV 
is greater as turnover in customer contacts increases. 

Hg: The positive association between contact authority and 
CV is greater as customer interface difficulty increases. 


Research Methodology 


The sample for this study involves interorganizational rela- 
tionships between sellers of industrial products/services and 
their customers across a wide range of markets (e.g., 
telecommunication equipment, electronic components, 
cleaning supplies, office products, toys) in North America. 
The selling firms are all manufacturers! representative 
firms, and the average representative firm is relatively small 
($5—$200 million) and sells multiple products/services for 
different suppliers (typically 15 to 30) on a commission 
basis. In most exchanges, the value of interfirm relation- 
ships is difficult to isolate from other drivers of exchange 
value, such as the firm's brand equity or specific product 
service attributes. However, this research context is well 


suited for investigating the value generated from interfirm 
relationships because representative firms do not manufac- 
ture products, have little brand strength, possess few other 
tangible assets, and typically can be terminated with only 
30—60 days’ notice; therefore, their primary assets are rela- 
tionships with their customers (Palmatier, Gopalakrishna, 
and Houston 2006). Furthermore, because representative 
firms receive a commission on sales to customers with few 
variable costs, a representative firm's "commissions" are 
the primary indicator of a customer's value. For example, 
representative firms do not manufacture or inventory prod- 
ucts, so the profit contribution of sales increases to specific 
customers remains independent of varying manufacturing 
levels or carrying costs. 


Sample and Data Collection 


Owners/senior managers of 110 representative firms attend- 
ing a training program were requested to participate in an 
academic study by providing contact information for 100— 
200 randomly selected customers. Representative firm own- 
ers selected the customer contact person who was most 
knowledgeable about the customer firm's relationship with 
their firm. As a result of these solicitations, 31 representa- 
tive firms provided contact data for 2554 customers. А 
three-wave mailing (survey, follow-up postcard, and second 
survey) to these customers generated 527 responses, for a 
20.696 response rate. Each survey included a cover letter 
asking the customer to report on its relationship with the 
specific representative firm listed. At the beginning of the 
next calendar year, representative firm owners/managers 
provided sales and commission rate data for each customer 
for the previous year (ie., the year the survey was con- 
ducted) and completed a survey about their own firm. This 
effort resulted in 487 customer surveys matched with per- 
formance data and representative firm survey data. After the 
removal of responses with missing data and cases for which 
customer respondents reported low levels of knowledge 
about the relationships that this representative firm had with 
people at their firm, the sample included 446 different cus- 
tomers from 27 representative firms. 

Evaluations of response bias include several methods. 
Comparisons of early and late responses (first 150 versus 
last 150) across study variables resulted in no significant 
differences (p > .05). After а comparison of customer 
responses for cases included in the final data set with those 
excluded because of missing representative firm data, the 
study variables revealed no significant differences (p > .05). 
Representative firm-provided performance data for cus- 
tomers who were included in the final data set compared 
with those for customers who were excluded because they 
failed to respond indicated that neither sales nor commis- 
sion rates differed significantly across these two groups (p » 
05). According to these analyses, response bias is not a 
major concern. 


Measurement 


The reflective measures come from existing scales, adapted 
to the focal context whenever possible; otherwise, inter- 
views with customers and sellers drove scale development, 


testing, and refinement. All measures use seven-point Likert 
scales unless otherwise noted (1 = "strongly disagree,” and 
7 = "strongly agree"). Final measurement items and the 
respondent (i.e., customer or seller) for each scale appear in 
the Appendix. 


Customer-reported measures. Relationship quality with 
the seller is a second-order formative scale that captures the 
caliber of the interfirm relational ties based on the first-level 
reflective indicators of trust, commitment, reciprocity 
norms, and exchange efficiency (Crosby, Evans, and 
Cowles 1990; De Wulf, Odekerken-Schrüder, and Iacobucci 
2001; Kumar, Scheer, and Steenkamp 1995). Each first- 
level indicator uses two items. Contact density is the num- 
ber of different relational ties among employees between 
the two firms, and contact authority consists of three items 
that reflect the decision-making capability of the relational 
contacts with the customer. 

Customers report the level of service content as the per- 
centage of overall sales related to services compared with 
products and the level of turnover in customer contacts 
within their firm. The measure of customer interface diffi- 
culty uses four items developed for this study to capture 
how difficult it is for a seller to access decision makers and 
navigate through the purchasing process. Finally, the cus- 
tomers report on several control variables that might affect 
seller performance or relationship, such as customer size, 
relationship age, and interaction frequency. 


Seller-reported measures. Each seller reports objective 
data to calculate CV, such that representative firm earnings 
from a specific customer equal its sales to that customer 
times its average commission rate for that customer (see the 
Appendix). The sellers also report on several control 
variables, including seller promotional spending, seller 
category breadth, and seller size. 


Measurement models. The confirmatory measurement 
model for the second-order formative relationship quality 
construct with the first-order reflective factors of commit- 
ment, trust, reciprocity norms, and exchange efficiency and 
two global measures to achieve identification indicates 
acceptable fit indexes (Byrne 1998; Jarvis, MacKenzie, and 
Podsakoff 2003): 4254; = 83.06, р < .01; comparative fit 
index = .98; goodness-of-fit index = .96; and root mean 
square error of approximation = .07.! Next, an overall con- 
firmatory measurement model including all reflective con- 
structs indicates good fit (Byrne 1998): 2075) = 158.02, p < 
.01; comparative fit index — .98; goodness-of-fit index — 
.96; and root mean square error of approximation = .05. All 
factor loadings are significant (p « .001), demonstrating 
convergent validity (for the factor loadings, see the Appen- 


IEvaluating the validity of the structure of the relationship qual- 
ity construct requires demonstrating that the four first-order fac- 
tors affect CV through the second-order formative construct of 
relationship quality (Diamantopoulos and Winklhofer 2001). 
Therefore, I compared a baseline model with a path from relation- 
ship quality to CV with a modified model with paths added from 
each first-order factor to CV. The additional four paths failed to 
improve model fit significantly, in support of the proposed second- 
order formative structure for relationship quality (АХА) = 8.4, not 
significant). 
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dix). The average variance extracted by each construct 
(50.2%—71.4%) is greater than its shared variance (squared 
intercorrelation) with other constructs (Fornell and Larcker 
1981). The reliability of each multi-item reflective scale is 
between .68 and .82. Thus, the measures appear acceptable. 
Table 1 provides descriptive statistics and correlations for 
all constructs. 


Analysis and Results 


Analysis and Model Development 


A unique aspect of these data is their nested structure, such 
that multiple customers are nested within a single selling 
firm. To overcome the limitations of traditional methods for 
analyzing nested data, the model analysis uses hierarchal 
linear modeling (HLM), which accounts for the lack of 
independence across different cases (Raudenbush and Bryk 
2002). 'Therefore, the model estimation relies on HLM full 
maximum likelihood, empirical Bayes procedures, with the 
RIGLS (restrictive iterative generalized least squares) algo- 
rithm in MLwiN 2.02 (Rasbash et al. 2000). The evalua- 
tions of the determinants of CV employ an incremental 
model-building approach that balances model parsimony 
and theory (Kreft and De Leeuw 1998; Palmatier, 
Gopalakrishna, and Houston 2006). Incremental nested 
models can be evaluated by comparing the deviance (2 
log-likelihood criterion) with a chi-square distribution in 
which the degrees of freedom equal the difference in the 
number of parameters between the two models (Ang, 
Slaughter, and Yee Ng 2002). Variables are mean centered, 
and the variance inflation factors are less than 2.0, which 
suggests that multicollinearity is not a major issue. 

Table 2 provides a summary of the HLM estimations for 
each model. The comparison of two nested, empty (no pre- 
dictor) models with only intercept terms indicates that 
adding a random intercept effect at the selling-firm level 
significantly improves model fit (Ддеутапсе, 1) = 39.63, p < 
.01) over an empty model without any random intercept 
effects. The evaluation of the empty model across these two 
levels suggests that 77.7% of the variance in CV occurs at 
the customer level and 22.3% occurs at the selling-firm 
level (Model 1). 

Next, the main effects of customer- and seller-level 
variables and random slope effects are added to the empty 
model. Adding random effects to interface frequency is sig- 
nificant and results in the greatest improvement in model fit 
of any variable. Models that add a second random-slope 
effect do not result in significantly better-fitting models. 
Model 2 explains 13.096 of the variance in CV and signifi- 
cantly improves model fit (Адемјапсе 14) = 200.92, р < .01). 
Model 3 adds the five hypothesized interactions, which sig- 
nificantly improve model fit (Adeviances) = 18.94, р < .01) 
and explain 14.896 of the variance in CV. 


Results 


Relationship quality (В; = 3.03, р < .01), contact density 
(В = .20, р < .05), and contact authority (Вз = 3.20, р < 
-01) are positively related to CV, in support of Ну, Но, and 
Из (Table 2, Model 3). These results require careful inter- 
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pretation because each relational driver is significantly 
moderated. 

Of the five hypothesized interactions, three receive sup- 
port. Specifically, the hypothesized positive effects of the 
relationship quality x contact authority (Bs = 1.71, p « .05), 
contact density X turnover in customer contact (B5 = .18, 
p < .05), and contact authority x customer interface diffi- 
culty (Bg — 1.66, p « .01) interactions on CV are all signifi- 
cant, in support of Hs, H}, and Hg. The relationship 
quality x contact authority interaction and relationship qual- 
ity X service content interaction are not significant; thus, H4 
and Hg аге rejected.2 

To clarify these results, the effect of interactions on CV 
is plotted for the high and low conditions of each significant 
interaction (i.e., one standard deviation above and below the 
mean). Figure 2, Panel A, documents the high degree of 
leverage gained from building high-quality relationships 
with key decision makers. High-quality relationships with 
customers for which sellers have access only to low- 
authority contacts generates little improvement in CV, and 
customers with low-quality relationships with key decision 
makers also underperform. 

Figure 2, Panel B, shows that building dense interfirm 
relationships offers little payoff for customers with low lev- 
els of turnover. However, for these customers, CV is 
slightly lower in relationships with denser interfirm ties, 
which indicates that there may be some negative effects of 
highly linked interfirm relationships, possibly due to rela- 
tional inertia or cognitive lock-in (Grabher 1993). Alterna- 
tively, for customers with high levels of turnover, increasing 
contact density has a strong impact on CV. Figure 2, Panel 
C, indicates that building a portfolio of high-authority con- 
tacts appears to be superior in all conditions, though among 
customers that are difficult to interface, contact authority’s 
effect on CV is the most leveraged. 

Of the control variables and direct effects of the pro- 
posed moderating variables, two are significant. Service 
content (B = —.18, p < .05) and customer size (B = 1.95, p < 
-01) are related to CV. The overall stability of effects across 
the models tested and post hoc sensitivity analysis increase 
confidence in the results. Even after relationship quality is 
reformulated; the control variables are dropped; and alter- 
native estimation, model specification, and dependent 
variables are used, the model estimations show no substan- 
tial changes in the results. 


Discussion 
A general agreement among researchers and managers indi- 
cates that building "strong relationships" with customers 
represents an effective strategy for, if not a core aspect of, 





2Moderation hypotheses result only when а strong theoretical 
rationale exists; a post hoc test examines every combination of 
relational driver and moderator variable included in Model 3, one 
at a time. Of these seven additional tests, only one significantly 
improves model fit (relationship quality x customer interface diffi- 
culty); the other results remain the same, except that the contact 
authority x customer interface difficultly interaction drops to mar- 
ginally significant. 
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TABLE 2 
Results: Негагсћа! Linear Model Estimation for CV 





Variables 

Intercept 

Relationship quality 

Contact density 

Contact authority 

Service content 

Turnover in customer contacts 
Customer interface difficulty 

Customer size 

Relationship age 

Interface frequency 

Seller promotional spending 

Seller category breadth 

Seller size 

Relatlonship quality x contact density 
Relationshlp quality x contact authority 
Relationship quality x service content 
Contact density x turnover In customer contact 
Contact authority x customer interface difficulty 
Deviance (—2 log-likellhood) 

Deviance difference 


Degrees of freedom for evaluating deviance differences 
Proportion of variance explained 


*p « .05. 
**p < .01. 


Model 1 Model 2 Model 3 Hypotheses 
17.12** 2.91 2.14 
(3.42) (7.87) (8.08) 
2.59* 3.03** H4 
(1.30) (1.30) 
.33** .20* Нә 
(.07) (.09) 
2.98** 3.20** Hs 
(1.07) (1.07) 
—.13 —.18* 
(.09) (.09) 
.66 .98 
(74) (77) 
68 1.17 
(1.01) (1.02) 
1.71** 1.95** Control 
(.59) (.60) 
09 .09 Control 
(.13) (.13) 
.85 77 Control 
(.65) (.65) 
.92 ‚84 Control 
(1.37) (1.40) 
.05 .05 Control 
(.14) (.14) 
—.07* —.07 Control 
(.04) (.05) 
12 H4 
(.08) 
1.71* Hs 
(.86) 
—.05 Hg 
(.10) 
.18* H7 
(.09) 
1.66** Hg 
(.62) 
4305.44 4104.52 4085.58 
200.92** 18.94** 
14 5 
12.97% 14.75% 


Notes: Unstandarized coefficients are reported with standard errors in parentheses. 


successful marketing (Berry 1995). Most research based on 
social exchange theory uses a dyadic perspective and cap- 
tures the performance-enhancing effects of interfirm rela- 
tionships through trust, commitment, and relationship 
norms, or some combination of these constructs (Morgan 
and Hunt 1994; Siguaw, Simpson, and Baker 1998). How- 
ever, this perspective is being challenged. Achrol (1997) 
argues that interfirm researchers must transition from a 
dyadic perceptive to a network perspective, and Palmatier 
and colleagues (2006) suggest that models of relational 
exchange need to integrate additional mediators beyond 
trust and commitment to capture the full effects of interfirm 
relationships. This study attempts to address these recom- 
mendations by integrating findings from network theory to 
develop and test empirically a holistic model of interorgani- 
zational relationships that includes three key relational 
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drivers— quality, density, and authority—of CV. In addition, 
this research evaluates interactions among these relational 
drivers and between relational drivers and customer factors 
to identify ways firms might better leverage or target their 
relationship-building investments. The following discussion 
of the results is structured around the three research ques- 
tions: (1) What are the key relational drivers of CV? (2) 
What are the synergies among relational drivers? and (3) 
What customer factors leverage the impact of relational dri- 
vers on CV? 


What Are the Key Relational Drivers of CV? 


As Table 2 shows, relationship quality, density, and author- 
ity all have direct effects on CV, in addition to their indirect 
effects through significant interactions. Therefore, previous 
research indicating that the performance-enhancing effects 
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Analysis of the Effect of Interactions on Customer 
Value 


A: Effect of Relationship Quality x Contact Authority 
Interaction 





3 High contact authority 
ЧА 
5 
> = 
ог 8 
ES : 
= Low contact authority 
= i 
Low High 
Relationship Relationship 
Quality Quality 


B: Effect of Contact Density x Turnover In Customer 
Contacts Interaction 








| 
i High turnover in 
25[ customer contacts 


35 
5 g 20 
> = 
o È 8 15 
10 ' 
c 5 Low turnover in 
= 5 customer contacts 








C: Effect of Contact Authority x Customer Interface 
Difficulty Interaction 





High customer 
interface difficulty 


CV 
(In Thousands 
of Dollars) 


Low customer 





interface difficulty 
Low High 
Contact Contact 
Authority Authority 





of interfirm relationships can be captured by relationship 
quality, trust, or commitment may be omitting important 
relationship attributes. The selection of these interfirm rela- 
tional drivers is theoretically well grounded, because they 
are derived from characteristics identified by social network 
theorists as critical to relationships among multiple network 


members (Houston et al. 2004; Wasserman and Faust 1994). 
The results presented herein suggest that network theory 
offers a potentially rich source of insights that could 
strengthen interorganizational research (Anderson, Hakans- 
son, and Johanson 1994; Van Den Bulte and Wuyts 2007). 
In any case, interfirm relationship researchers should 
expand the nomological model to capture a wider range of 
relationship attributes (quality, density, authority) because 
their results could vary depending on the specific 
antecedent, mediator, or outcome measure selected. This 
issue has several implications. 

First, the true caliber of relationship quality may be best 
captured as a more holistic, high-order construct formed by 
multiple first-order factors (e.g., trust, commitment, norms, 
efficiency), such that each factor offers specific “relation- 
ship strengths.” Turning to an engineering metaphor, this 
approach is conceptually similar to blending different met- 
als, each with its own specific characteristic, to build an 
alloy with enhanced properties (e.g., stronger, more flexi- 
ble, longer lasting). Truly high-caliber relationships might 
represent blends across multiple dimensions. This view is 
also consistent with researchers’ suggestions that respon- 
dents often have “difficulty making [the] fine distinction 
between [trust, commitment, and relationship satisfaction] 
and tend to lump them together" (De Wulf, Odekerken- 
Schróder, and Iacobucci 2001, p. 36; see also Crosby, 
Evans, and Cowles 1990). Thus, relationship quality may be 
most appropriate when researchers want to capture the 
overall caliber of relationship ties and their overall impact 
on outcomes, whereas using individual relational elements 
can isolate the effects of specific relationship constructs. 

Second, although the linkage between trust, commit- 
ment, and relationship quality and different performance 
outcomes is well known (i.e., commitment — loyalty), little 
research investigates the linkage between contact density or 
authority and specific outcomes. Contact density may be 
the best predictor of successful cross-selling of commodity 
products because sellers that have many customer contacts 
have more occasions to identify unique sales opportunities. 
Collecting novel information that is critical to radical prod- 
uct innovation may receive the greatest push from contact 
authority, which offers access to key nonredundant sources 
of knowledge (Rindfleisch and Moorman 2001). Although 
additional research must test these predictions, strong or 
insignificant effects between relational drivers and out- 
comes may depend on the specific constructs evaluated. 

Third, understanding the relational drivers of CV has 
many managerial implications. Identifying multiple drivers 
of CV provides managers with insight into their need to 
build not only high-quality bonds but also contact portfolios 
with sufficient density and authority. Including measures of 
relationship quality, density, and authority in existing cus- 
tomer satisfaction and loyalty surveys or sales audits might 
provide managers with a more complete picture of the 
seller's exchange relationships (e.g., evaluating relative 
competitive position across drivers may be especially infor- 
mative). Using this diagnostic information could enable 
sales managers to develop salesperson objectives targeted 
toward specific relationship weaknesses (e.g., relationship 
scorecard). 
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What Are the Synergies Among Relational 
Drivers? 


The results support the premise that synergies exist among 
relational drivers. First, the relationship quality x contact 
authority interaction positively influences CV. Inspection of 
Figure 2, Panel A, suggests that if a seller’s relational con- 
tacts have low decision-making capabilities, building high- 
quality relationships with them will have little impact on 
CV, but increasing the quality of high-authority contacts 
will strongly leverage their impact on CV. Sellers attempt- 
ing to penetrate a new customer might need to employ a 
transition strategy, moving from low to sequentially higher 
authority contacts. Nevertheless, the strong main and inter- 
action effects of relationship quality and authority reinforce 
the sellers’ need to concentrate their relationship marketing 
investments on targeted decision makers to achieve their 
objectives. 

Second, the interaction of relationship quality x contact 
density achieves only marginal significance (p < .10), which 
suggests that additional research should investigate alterna- 
tive measures of interconnectedness or centrality to under- 
stand the trade-offs in different operationalizations and 
potential moderating conditions. In addition, theories 
focused on group decision making and norms may provide 
insight into how quality and density might work together to 
enhance performance, as well as suggest new research 
directions (Brown 2000). Investigating the impact of this 
interaction on different exchange outcomes may be valuable 
because building a “large” portfolio of quality relationships 
results in a group within the customer firm that possesses 
positively biased norms toward the seller. These in- 
customer group norms may generate many seller benefits 
because they quickly socialize new employees with a posi- 
tive attitude toward the seller, support positive causal attri- 
butions about ambiguous seller actions, and generate posi- 
tive "groupthink" about seller decisions. Moreover, 
group-level phenomena may occur within both seller and 
customer firms. Additional research should determine 
which group decision mechanisms operate and whether a 
critical mass is needed to engage these mechanisms (i.e., 
the effects may be nonlinear), as well as evaluate whether 
group norms within the seller have any negative conse- 
quences (e.g., failure to maintain pricing discipline). 

Understanding that relationship quality and authority 
behave synergistically is important to managers because 
unbalanced relationships result in degraded performance. 
For example, for customers with which they have low 
authority contact portfolios but strong relational bonds, 
managers may want to reallocate relationship marketing 
investments away from enhancing existing relationships 
(e.g., entertaining customers) and toward making new con- 
tacts with key decision makers (e.g., asking customers for 
referrals to new “higher-level” contacts, bringing in senior 
executives from the seller). Similarly, although not explored 
herein, trade-offs might exist among the subcomponents of 
relationship quality, such that additional relationship mar- 
keting activities could have small effects on increasing trust 
or commitment but also generate unwanted perceptions of 
exchange inefficiency. 
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What Customer Factors Leverage the [Impact of 
Relational Drivers on CV? 


The results also provide support for the need to take a con- 
tingent approach to customer relationship and portfolio 
management. More specifically, two customer factors lever- 
age the effect of relational drivers on CV. First, contact den- 
sity has a greater effect on CV for customers that have high 
contact turnover, in support of the notion that multiple inter- 
firm ties are more valuable when they can mitigate the loss 
of an interfirm bond by shifting the interaction to another 
bond or quickly rebuilding the bond with a replacement 
(assisted by norm diffusion). Thus, in line with the sugges- 
tion in existing literature to use team selling to respond to 
high salesperson turnover (Bendapudi and Leone 2002), a 
similar strategy appears to be effective for customer 
turnover. Sales managers dealing with companies that 
experience high employee turnover should aggressively 
expand the breadth of their contact portfolio to build a “cus- 
tomer team.” 

Second, contact authority has a greater impact on CV 
among customers for which interfacing with decision mak- 
ers is difficult. Sellers that overcome this hurdle enjoy а sig- 
nificant competitive advantage, which leverages the seller’s 
access with a key decision maker on performance. This 
finding represents a conundrum: Customers and contacts 
that are the most difficult to access and deal with may be 
the most valuable, whereas customers that are easy to 
access may generate the lowest returns, all else being equal. 
Thus, busy salespeople making their rounds to their favorite 
customers (that are often open to meetings with them and 
their competitors) might be able to enhance performance by 
shifting their resources to firms or contacts that are more 
difficult to access. This finding is consistent with a 
resource-based view of interfirm exchange, which asserts 
that relational assets are most valuable when they are diffi- 
cult to imitate (Palmatier, Dant, and Grewal 2007). 

Identifying customer factors that leverage the effect of 
specific relational drivers on CV reinforces the need for a 
more fine-grained approach to the theory of relationship 
marketing in both academia and practice. Theorists should 
include multiple aspects of relationships in models of inter- 
firm customer-seller exchanges while still accounting for 
interactions of those relational drivers and among drivers 
and contextual factors. Managers should target their rela- 
tionship marketing efforts not only toward customers that 
generate the highest returns on their investments but also to 
the relational driver that offers the greatest return. 


Limitations and Future Research Directions 


The research context of this study offers some important 
advantages for investigating the relational drivers of CV 
because relationships represent these firms' primary assets; 
representative firms do not manufacture or inventory prod- 
ucts but rather receive commissions, so CV is highly linked 
to the representative's commissions. However, this context 
also represents a limitation because specific parameter esti- 
mates for representative firms cannot be generalized to For- 
tune 500 firms without further testing, though there is no 
reason to expect that the underlying theoretical rationale or 


the conceptual framework would differ. These customer— 
seller exchanges are mainly product based, and only 3096 of 
the transactions tested have any service content, which may 
explain the failure to replicate previous research that indi- 
cates that relationship quality is more important for services 
than for product exchanges. Additional research should 
investigate this model in a more service-centric context. 

A contingent perspective suggests many potential fac- 
tors that could moderate the effect of relational drivers on 
CV, but this study investigates only a limited subset of 
them. Therefore, further research should explore a wider 
range of factors across relationship quality (e.g., sellers’ 
brand strength, environmental uncertainty, customer depen- 
dence), density (e.g., customer decision-making processes, 
team selling, industry maturity), and authority (e.g., com- 
modity versus innovative products, number of competitors, 
multifunctional nature of customers’ decision making) to 
gain a better understanding of the relative importance of 
each driver on exchange performance across different situa- 
tions. Moreover, evaluating how the impact of relational 
drivers on exchange outcomes varies across the relationship 
life cycle may represent a fruitful line of inquiry. For exam- 
ple, in the initial stages, the quality of the’ bonds may be 
most critical because these initial bonds form the seeds of 
interfirm norms. During the growth stage, however, contact 
authority may become more critical as sellers attempt to 
enhance their sales penetration, which requires action by 
diverse decision makers. Finally, contact density may be 
especially important as relationships mature and sellers 
shift from share expansion to share protection, such that a 
web of relationship ties can provide a barrier against cus- 
tomer switching behaviors and competitive pressures. Net- 


tied networks produce strong constraints,” which suggests 
that contact density could constrain customer switching 
behavior (Rowley 1997, p. 897). Further research might 
explore how suppliers could supplement known weaknesses 
in contact density or authority by leveraging a channel 
member's contact portfolio. Moreover, additional research 
should investigate the underlying mediating mechanisms 
for contact density and authority to understand how they 
affect performance. 

Another potential line of research might identify the 
relationship marketing tactics and strategies that are most 
effective across the relational drivers. For example, one-on- 
one social programs and a high degree of similarity among 
boundary spanners may be especially effective for building 
relationship quality, whereas group social events, training 
seminars, and telemarketing or direct-mail campaigns that 
attempt to generate new prospects at existing customers 
may be best for expanding the breadth or density of rela- 
tional contacts. Contact authority may require alternative 
marketing strategies, such as using senior executives or 
functional experts to penetrate new levels and areas within 
the customer firm. Overall, these findings suggest that prior 
relationship marketing research that promotes strategies for 
building trust and commitment (relationship quality) should 
be expanded or reevaluated to include strategies across all 
relational drivers. 

Finally, extending other network variables into inter- 
organizational research could increase researchers’ ability 
to explain interfirm exchange performance. For example, 
aspects of network centrality, network timing, and network 
resources may capture other performance-leveraging char- 





work research supports this premise by noting that “densely acteristics of interfirm exchanges. 
APPENDIX 
Item 
Constructs Measures (Respondent) Loadings 
Relationship Quality (Reported by Customer) 
Commitment (Cronbach's а = .82) 
*We are willing “to go the extra mile” to work with this rep. ‚82 
*We view the relationship with this rep as a long-term partnership. .85 
Trust (Cronbach's a = .82) 
Ме have trust in this rep. .86 
«This rep is trustworthy. ‚82 
Reciprocity norms (Cronbach's а, = .71) 
«There Is a norm of reciprocity guiding our relationship with this rep. .76 
*We would help each other without expecting an immediate favor in return. 74 
Exchange efficiency (Стопбасћ a. = .68) 
*Our interactions with this rep are often inefficient. (reverse scored) .63 
*Our dealings with this rep are very efficient. .84 
Contact Density (Reported by Customer) 
«How many different relationship ties are there among employees at this rep and your firm? (number) ; — 
Contact Authority (Reported by Customer) 
«This rep knows the key decision makers at our firm. 74 
*Thls rep deals with the Important decision makers in our company. 74 
«This rep has relationships with the important gatekeepers at our firm. .73 


Service Content (Reported by Customer) 


«What % of your sales from this rep are for services (versus products)? — 
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APPENDIX 
Continued 





Constructs 


Turnover In Customer Contacts (Reported by Customer) 
*We have a high level of tumover of employees at my firm. 


Customer Interface О сину (Reported by Customer) 


elt is very difficult to meet with the Important decision makers at our firm. 
*Suppliers feel that dealing with our firm Is very easy. (reverse scored) 


eit is hard to meet with the decision makers at our firm. 
*Our approval and purchasing processes are very complex. 


CV (Reported by Seller) 


*CV = (sales to customer [In thousands of dollars]) x (average commission rep earns at customer [%]) 


Control Variables (Reported by Customer) 
«Customer size: My firm is a very large company. 


Measures (Respondent) 


SRE 


*Helationshlp age: How many years has your firm dealt with this rep firm? (number of years) — 
* Interaction frequency: How often does someone from thls rep communicate with your firm in a typical month? 


(number per month) 


Control Varlables (Reported by Seller) 


Seller promotional spending. Our rep firm spends little on advertising and promotion. (reverse scored) — 
«Seller category breadth: How many suppliers did you represent In 2006? (number) — 
*Seller size. What will be your rep firm's approximate annual sales for calendar year 2006? (in millions of dollars) — 


Notes: Unless otherwise indicated, all items were assessed on seven-point scales anchored by 1 = "strongly disagree” and 7 = "strongly agree." 
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Eric (Er) Fang 


Customer Participation and the 
Trade-Off Between New Product 
Innovativeness and Speed to Market 


To address the trade-off between new product innovativeness and speed to market caused by customer 
participation activities, the author differentiates two dimensions of customer participation—customer participation 
as an information resource (CPI) and customer participation as a codeveloper (CPC)—and explores the 
moderating effects of downstream customer network connectivity and new product development process 
interdependence and complexity. Matched data collected from 143 customer-component manufacturer dyads 
indicate that CPI has a negative influence on innovativeness when downstream customer network connectivity is 
high but a positive effect when it is low. In contrast, CPI has a positive effect on speed to market when downstream 
customer network connectivity is high and no significant effect when it is low. In addition, CPC undermines new 
product speed to market when process interdependence is high. In contrast, CPC can improve new product speed 
to market but hurt new product innovativeness when process interdependence Is low. The results of this article 
provide specific managerial guidelines as to how to manage customer participation to Improve new product 
innovativeness and speed to market. 


Keywords: customer participation, innovation, speed to market, downstream customer network 


significant recent change in business markets has innovativeness refers to the extent to which the product dif- 
been the increasing involvement of industrial cus- fers from competing alternatives in a way that is meaningful 
tomers in manufacturers’ new product development to customers and therefore reflects meaningful uniqueness 


(NPD) processes (e.g., Bonner and Walker 2004; Kristens- (Dewar and Dutton 1986; Sethi, Smith, and Park 2001). 
son, Gustafsson, and Archer 2004). As Prahalad and Speed to market reflects the time elapsed between the initial 
Ramaswamy (2000, p. 80) state, in business markets, “сиз- development, which includes conception and definition, and 
tomers are fundamentally changing the dynamics of the the ultimate introduction of an innovation into the market- 
marketplace. The market has become a forum in which cus- place (Griffin 1997). Specifically, the current research dif- 


tomers play an active role ... in [NPD].” With the use of ferentiates two dimensions of customer participation—cus- 
customer participation, manufacturers attempt to enhance tomer participation as an information resource (CPI) and 
the innovativeness of the product and speed up the develop- customer participation as a codeveloper (CPC)—and exam- 
ment process, both of which are key objectives whose ines their effects on new product innovativeness and speed 
importance has been well articulated by both practitioners to market. In doing so, several moderating factors are iden- 
and academicians (e.g., Athaide, Meyers, and Wilemon tified that explain how customer participation can improve 


1996; Chandy and Tellis 1998; Henard and Szymanski one outcome while undermining the other outcome. 
2001). For example, Apple's recent success with the iPod is Hypotheses are empirically tested using primary data col- 


likely due to its simultaneous achievement of high innova- lected from 142 matched original equipment manufacturer 
tiveness and a faster introduction than competitors (Fortune (OEM) customer-component manufacturer dyads. As such, 
2006). However, customer participation may result in oppo- this article provides two major findings to answer the 
site effects on new product innovativeness and speed to research questions. From a managerial standpoint, these 
market. Such opposite effects resulting from customer par- findings provide specific guidelines on how to manage cus- 
ticipation have been intuited by previous studies (e.g., tomer participation to improve new product innovativeness 
Crawford 1992; Foster 1986; Gaynor 1993; Zangwill 1993), and speed to market. 
but theoretical explorations remain scarce in marketing First, the trade-off between new product innovativeness 
literature. and speed to market can be explained by the configuration 
The objective of this research is to answer the following of the industry network formed between the OEM cus- 
overarching questions: Are there trade-offs associated with tomer's retailers and distributors. In some networks, these 
customer participation in NPD? Can customer participation retailers and distributors are highly connected and maintain 
undermine new product innovativeness and speed to mar- communication between each other, whereas the connectiv- 


ket, even as it facilitates one but not the other? New product ity of other networks is low, such that distributors and retail- 
ers do not maintain regular contacts between each other. 
Eric (Er) Fang is Assistant Professor of Marketing, College of Business This research finds that network connectivity between 


University of Illinois at Urbana-Champaign (e-mall: erfang@ uluc.edu). retailers and distributors (i.e., downstream customer net- 
work connectivity) heightens CPI's effect on speed to mar- 
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ket, but it alleviates CPI’s effect on product innovativeness. 
In particular, CPI has a negative influence on innovative- 
ness when downstream customer network connectivity is 
high but a positive effect when it is low. In contrast, CPI has 
a positive effect on speed to market when downstream cus- 
tomer network connectivity is high and no significant effect 
when it is low. 

Second, NPD projects may vary in terms of the com- 
plexity of the development processes (process complexity) 
and whether completing development tasks requires inter- 
actions between the component manufacturer and the OEM 
customer during the various development stages (process 
interdependence). The results suggest that because of the 
different coordination mechanisms entailed by different lev- 
els of process interdependence, CPC undermines new prod- 
uct speed to market when process interdependence is high. 
In contrast, CPC can improve new product speed to market 
but hurt new product innovativeness when process inter- 
dependence is low. 

The remainder of this article proceeds as follows: First, 
a theoretical framework is advanced to explore the dimen- 
sions of customer participation and their effects on new 
product innovativeness and speed to market. Within the 
framework, the issues of how downstream customer net- 
work connectivity, process complexity, and interdependence 
may moderate such effects are addressed. Second, the 
empirical context and the data collection procedures are 
described, followed by the data analysis and results. Finally, 
the theoretical and empirical implications are discussed, as 
well as limitations and future research directions. 


Theoretical Framework 


Customer Participation 


“Customer participation” is defined as the extent to which 
the customer is involved in the manufacturer's NPD 
process. The specific context of this research is an OEM 
customer's (e.g., Ford) involvement in its component manu- 
facturer's (e.g., auto engine manufacturer) new component 
development process. Previous studies have demonstrated 
that customers may assume two distinct roles: information 
providers or codevelopers (e.g., Lengnick-Hall 1996). 
Therefore, we delineate customer participation along two 
specific dimensions: CPI and CPC. 

The former dimension involves activities such as shar- 
ing information with the manufacturer during the NPD 
process. In particular, demand information about the OEM 
customer's distributors and retailers is critical in this con- 
text because new product success depends on their accep- 
tance of the new product (Luo, Kannan, and Ratchford 
2006), and the information they own in areas such as end- 
consumer needs and potential competitive reactions can 
greatly affect new product innovativeness and speed to mar- 
ket (Joshi and Sharma 2004). In this sense, OEM customers 
serve as "bridges" between retailers/distributors and com- 
ponent manufacturers that transfer market information into 
the component development process; this bridge is particu- 
larly significant in industrial markets in which component 
manufacturers lack easy access to information about retail- 
ers and distributors. Von Hippel's (1988) “lead user" con- 


cept fits this dimension of customer participation, in that it 
identifies OEM manufacturers that can recognize the mar- 
ket information that is critical for innovation and speed to 
market from distributors and retailers. 

In contrast, CPC refers to the extent to which the OEM 
customer's task involvement constitutes а significant por- 
tion of the development tasks. When the OEM customer is 
involved in the component development process, the overall 
NPD process becomes a joint problem-solving approach, 
the outcome of which is determined by the mechanisms 
used to coordinate the OEM customer and component 
manufacturer (Gerwin 2004). Despite the potential benefits 
of CPC, such as introducing customer expertise into the 
process, significant coordination challenges exist for incor- 
porating OEM customer efforts effectively and efficiently 
(Carlile and Rebentisch 2003; Von Hippel 1990). In addi- 
tion, CPC can take various forms. For example, the compo- 
nent manufacturer and OEM customer might work sepa- 
rately and dominate different stages, or they could form a 
joint NPD team and work cooperatively throughout the 
development process. The next subsection discusses how 
CPI and CPC affect new product innovativeness and speed 
to market, as well as how these effects may be moderated 
by the network properties of distributors and retailers and 
the characteristics of the development process. 


CPI's Effect оп New Product Innovativeness and 
Speed to Market 


A critical advantage when OEM customers participate in 
the NPD process is the better access to market information 
because OEM customers engage in direct interactions with 
retailers and distributors. However, the type of market infor- 
mation and how quickly the OEM customer can access this 
information depend on the relationships between distribu- 
tors and retailers. Relationship marketing literature suggests 
that connections in dyadic business relationships can signif- 
icantly influence the information exchange between firms 
(Dwyer, Schurr, and Oh 1987). Social network theory takes 
this idea one step further by arguing that to "capture the 
embedded context within which dyadic business relation- 
ships occur," researchers must examine the “broader context 
of connected relationships" (Anderson, Hakansson, and 
Johanson 1994, p. 7). Specifically, market information 
accessed by OEM customers results from interactions 
between distributors and retailers that are connected as a 
network (Von Hippel 1988). As Uzzi (1996, p. 675) sug- 
gests, the "connectivity of [the] network in which firms are 
embedded defines the information exchange among them.” 
Therefore, this research focuses on an important aspect 
of the network formed between these distributors and retail- 
ers—namely, downstream network connectivity, which is 
defined as the extent to which the distributors and retailers 
(1.е., downstream customers) in the OEM customer's net- 
work are connected directly instead of through a common 
third party (Ahuja 2000).! For example, network connectiv- 
ity is higher if downstream customer А knows B and C and 





1“Network connectivity" also has been referred to as "network 
closure"; these two terms may be used interchangeably (Burt 
2001; Coleman 1988). 
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if B also knows C than if B and C connect to each other 
only through A. Perfect connectivity means that everyone in 
the network knows and communicates with one another 
directly, instead of through a common third party. 

Low network connectivity makes firms less limited to 
the local knowledge occupied by their direct connections 
(Granovetter 1983), such that “[a] diverse and disconnected 
network exposes the individual to conflicting and diverse 
preferences” (Podolny and Baron 1997, p. 676). In support 
of this argument, Uzzi (1999) finds that in the banking 
industry, low network connectivity facilitates firm access to 
diverse information about the marketplace. This diverse 
market information from retailers and distributors can help 
the development team identify which marketing trends and 
opportunities to pursue, what the appropriate product attrib- 
utes should be, and what the product concept will be (Grif- 
fin and Hauser 1993). That is, when the development team 
considers a broad range of market information and uses it to 
generate ideas and opinions about the product concept, 
innovativeness likely increases (Amabile 1983). In contrast, 
market information transferred under high network connec- 
tivity likely flows in closed circles, which prevents a broad 
vision or exploration of external information (Mumford and 
Gustafson 1988). As a result, this cognitive “lock-in” 
between distributors and retailers in a highly connected net- 
work leads to a more homogeneous market information 
base (Gargiulo and Benassi 2000), which can harm new 
product innovativeness (Rindfleisch and Moorman 2001). 
Homogeneous market information limits the process of 
identifying problems, using guesswork, developing alterna- 
tive hypotheses, and contradicting expectations (Torrance 
1988), and it further distracts NPD teams from their pursuit 
of innovativeness by emphasizing homogeneous customer 
needs and preferences (Amabile 1996). As Prabhu, Chandy, 
and Ellis (2005, p. 116) indicate, “[w]ith changes in market 
preferences and technological opportunities, knowledge 
that was once a source of competitive advantage may 
become irrelevant. Low diversity makes the firm especially 
vulnerable.... Broader knowledge, however, gives the firm 
greater flexibility and adaptability in responding to environ- 
mental change ... the broader a firm's knowledge, the 
greater is its ability to create innovations." 

However, downstream network connectivity also may 
enhance the effect of CPI on new product innovativeness.2 
From a structural standpoint, the lack of connections 
between distributors and retailers may lead to information 
loss during the transfer process (Podolny and Page 1998). 
For example, market information owned by certain distribu- 
tors and retailers may not reach OEM customers if they lack 
connections with other network participants. From a moti- 
vational standpoint, Larson (1992) reports that "thicker 
information" transfers between retailers and distributors in 
highly connected networks because these firms do not self- 
ishly pursue immediate gains but rather concentrate on cul- 
tivating long-term, cooperative relationships. Specifically, 
in a highly connected network, trust builds, facilitating the 
sharing and integration of market information between dis- 





2The guidance of two anonymous reviewers in the development 
of this section is gratefully acknowledged. 


92 / Journal of Marketing, July 2008 


tributors and retailers (Tsai and Ghoshal 1998). This shar- 
ing and integration can lead to new market perspectives and 
insights, which in turn significantly improve new product 
innovativeness when introduced into the development 
process by the OEM customer. On the basis of these oppos- 
ing arguments, we suggest the following nondirectional 
hypothesis: 

Hia: Downstream customer network connectivity positively/ 


negatively moderates the effect of CPI on new product 
innovativeness. 


Downstream customer network connectivity can also 
moderate the effect of CPI on new product speed to market. 
Because a development process involves constant adjust- 
ments in response to updated market information about end 
consumers, the participating OEM customer constantly 
must reach out to its downstream customers to gain updated 
market information and then share that knowledge with the 
component manufacturer (Ganesan, Malter, and Rindfleisch 
2005). With high network connectivity, distributors and 
retailers transfer market information more quickly because 
they know where the information is located and how to 
access it (Coleman 1988). They also are more likely to 
cooperate, in terms of providing information in a timely 
manner to the party that needs it, because any uncooperative 
behaviors (e.g., withholding information) would be passed 
on to other partners through connected networks, and so the 
uncooperative party would incur social pressures (Gulati 
1995). This rapid transfer of information between distribu- 
tors and retailers particularly helps improve NPD speed 
because the OEM customer demands evolving market infor- 
mation that does not pertain to one or few distributors and 
retailers but rather results from the transfer and integration 
of market information by all distributors and retailers in the 
network (Griffin and Hauser 1993). 

In addition, because of the regular communications 
between different distributors and retailers in a highly con- 
nected network, they can coordinate their market informa- 
tion collection and dissemination activities more effectively 
(Romo and Schwartz 1995), which validates market infor- 
mation and results in more accurate information transfer to 
the OEM customer (Kogut and Zander 1992). In turn, the 
accuracy of market information provided by the OEM cus- 
tomer helps the development team catch potential problems 
and incorporate major issues and concerns at the beginning 
of the design process, which minimizes downstream delays 
(Karagozoglu and Brown 1993; Smith and Reinertsen 
1991). Thus: 


Hip: Downstream customer network connectivity positively 
moderates the effect of CPI on new product speed to 
market. 


CPC's Effect on New Product Innovativeness and 
Speed to Market 


When customers function as codevelopers, CPC turns the 
development tasks into a joint problem-solving process 
(Gerwin 2004), in which the NPD process consists of a set 
of interrelated, specific tasks distributed between the OEM 
customer and the component manufacturer (Von Hippel 
1990). Two NPD process characteristics significantly influ- 


ence the choice of coordination procedures for joint 
problem-solving processes, which in turn influence the 
effects of CPC on new product innovativeness and speed to 
market (Sobrero and Roberts 2001). "Process inter- 
dependence" refers to the extent to which the completion of 
development tasks depends on interactions between the 
manufacturer and the customer during the development 
stages (Sobrero and Roberts 2001; Thompson 1967), 
whereas "process complexity" refers to the extent to which 
the development process is technically complicated and 
requires the involvement of a wide range of organizational 
functions (Griffin 1997). 

Process interdependence— when both the manufac- 
turer's and the customer's inputs are important for complet- 
ing each task—makes it difficult or even impossible to par- 
tition the development into consequent but interrelated 
steps, such that each party completes certain tasks (Von 
Hippel 1990). Thus, process interdependence creates a plat- 
form on which the manufacturer and customer can interact 
and learn from each other during each stage as the project 
progresses (Sobrero and Roberts 2001). The development 
team can challenge traditional perspectives and discover 
novel linkages in the development process (Milliken and 
Martins 1996; Osborn 1963) by connecting different design 
parameters that have not been linked before or by finding 
new ways to uncover creative elements (Amabile 1983), 
which can significantly enhance CPC's effect on new prod- 
uct innovativeness (Krishnan and Ulrich 2001; Sethi, Smith, 
and Park 2001). For example, Von Hippel (1990) argues that 
finding new ways to connect the design of a car's piston and 
engine cylinder could improve the innovativeness of auto 
engine designs. In contrast, with low process inter- 
dependence, the development team cannot identify novel 
ideas and linkages at the outset of the project, and the task 
partitioning may hamper interaction and learning opportu- 
nities, which makes the associated CPC less likely to lead to 
new product innovativeness (Carlile and Rebentisch 2003). 
Thus: 


Ноа: Process interdependence positively moderates the effect 
of CPC on new product innovativeness. 


However, when the customer's effort constitutes a sig- 
nificant portion of the development tasks, the coordination 
burdens significantly increase because the customer's and 
manufacturer's divergent perspectives must be resolved 
before the development can move forward (Olson, Walker, 
and Ruekert 1995). Low process interdependence enables 
the manufacturer and customer to use task partitioning and 
take advantage of each party's knowledge and expertise in 
specific areas, which reduces the overall coordination load 
of the NPD project (Carlile and Rebentisch 2003). As 
Moorman and Miner (1998) suggest, new product speed to 
market largely depends on how quickly the development 
team handles coordination issues and problems in each 
development stage. Therefore, with low process inter- 
dependence, the manufacturer and customer work individu- 
ally on their specialized tasks, and there is no further need 
for articulated or frequent interactions to complete each 
task, which enhances CPC's effect on NPD speed signifi- 
cantly (Von Hippel 1990). Thus: 


Hy: Process interdependence negatively moderates the effect 
of CPC on new product speed to market. 


Process complexity requires the inclusion of multiple 
functions into the NPD process. When an OEM customer 
participates in the development process, this inclusion cre- 
ates more areas for interaction and facilitates the discovery 
of novel linkages during the codevelopment process (Mil- 
liken and Martins 1996). In addition, process complexity 
makes it more difficult to establish problem-solving rou- 
tines in advance because the project requires back-and-forth 
and trial-and-error procedures (Von Hippel 1990). This iter- 
ative process generates opportunities for the OEM customer 
and manufacturer to try alternative development procedures 
and routines to improve product innovativeness. In other 
words, when the process is more complex, gaining input 
from the OEM customer improves new product innovative- 
ness even further—particularly because complex processes 
often demand complex solutions. Involving the OEM cus- 
tomer may prevent the development team from following 
existing development paths, which helps it discover novel 
linkages during the process. Therefore, CPC should 
increase innovativeness more when process complexity is 
high than when it is low. 


Hza: Process complexity positively moderates the effect of 
CPC on new product innovativeness. 


In contrast, when the customer’s effort as a codeveloper 
increases, the coordination requirement increases, espe- 
cially when the process involves a wide range of functions 
(Prahalad and Ramaswamy 2000). In addition, because of 
the greater interaction depth associated with CPC, speedy 
problem solving between the component manufacturer and 
the OEM customer becomes more difficult; the necessary 
back-and-forth and trial-and-error procedures preclude the 
possibility of structuring a formalized coordination mecha- 
nism to control the development process in a timely man- 
ner. Therefore, the difficulty of coordination, coupled with a 
high coordination burden, makes CPC less likely to speed 
up the development process when process complexity is 
high. 

Hay: Process complexity negatively moderates the effect of 

CPC on new product speed to market. 


Method 


Research Context 


This research tests the hypotheses with dyadic data col- 
lected from both OEM customers and component manufac- 
turers. Consistent with previous studies in business-to- 
business markets (e.g., Heide 2003), the focus here is on 
OEM customers in three broad, two-digit Standard Indus- 
trial Classification (SIC) groups: 35 (general machinery), 
36 (electrical and electronic machinery), and 37 (transporta- 
tion equipment). The unit of interest is a component manu- 
facturer’s new component development project in which the 
OEM customer is involved. In addition, the term “down- 
stream customers" refers to distributors or retailers of the 
OEM customer's final product. 
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Data Collection 


From the conceptual domain of each construct, data were 
collected from both OEM customers and component manu- 
facturers. The dependent variables (new product innovative- 
ness and new product speed to market) and two moderating 
variables (process interdependence and process complexity) 
came from respondents from component manufacturers, 
and the independent variables (CPI and CPC), downstream 
customer network connectivity, and control variables relied 
on respondents from OEM customers. 


OEM customers. For the survey of the OEM customers, 
a mailing list was procured from a commercial list broker; 
all incomplete addresses were removed to derive an initial 
sample of 2000 firms. The first stage of data collection 
included a mailed prescreening sent to the potential respon- 
dents to assess their appropriateness. Through a short pre- 
screening questionnaire, it was determined whether respon- 
dents had been involved in their component manufacturer's 
NPD process in the prior two years. Information about the 
respondents' job titles, number of years with the firm, and 
percentage of time spent on manufacturer-related activities 
was also collected. Of the 2000 firms, 525 prescreening 
responses were received. Of those respondents, 68 were 
eliminated because they were not involved in their manu- 
facturers' NPD process in the previous two years, had spent 
fewer than two years in their position, or bore titles that 
reflected a low-level position. 

Then, questionnaire packets were mailed to the remain- 
ing 457 managers. The survey instructions asked respon- 
dents to reflect on the most recent NPD project in which 
they had been involved and to complete the questionnaire 
with that project in mind. A follow-up mailing was sent two 
weeks later. In addition to the survey, each mailing included 
a prepaid return envelope and a cover letter. To increase sur- 
vey response rates, multiple mail contacts, first-class 
postage, prepaid return envelopes, and informative cover 
letters were used (Dillman 2000). This two-wave sampling 
effort generated 245 responses, but 3 were removed because 
they contained too many missing values (5596). 

As Armstrong and Overton (1977) recommend, early 
and late responses were compared, but there was no indica- 
tion of response bias. The survey instrument also included 
post hoc checks of the informants’ knowledge and involve- 
ment in the manufacturers’ NPD processes. On a seven- 
point scale, the mean of their knowledge was 6.35, and the 
mean of their involvement was 6.13. Seven responses that 
indicated inadequate levels of informant knowledge and 
involvement were eliminated (i.e., scores of less than 4 on 
the seven-point scale). Thus, 235 usable responses were 
obtained, for a 51.2% effective response rate. The respon- 
dents represented job titles such as manufacturing man- 
agers, product managers, vice presidents of manufacturing, 
and so on. Considering the nature of the sample and results 
from previous studies, this level represents a reasonable sur- 
vey response. 


Component manufacturers. The questionnaires sent to 
the OEM customers also asked respondents to indicate con- 
tact information for managers of the component manufac- 
turers with which they had been working. Of the OEM 
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respondents, 203 provided such information, and these 
identified managers were telephoned to solicit survey 
answers from them. Of these respondents, 145 senior man- 
agers from the manufacturers were successfully reached 
and surveyed, for a response rate of 71.4%. On a seven- 
point scale, the mean of their knowledge was 6.32, and the 
mean of their involvement was 6.01; two responses with 
inadequate levels of knowledge and involvement were 
eliminated (i.e., scores of less than 4 on a seven-point 
scale). The respondents were product managers, manufac- 
turing managers, project managers, vice presidents of 
research and development, vice presidents of manufactur- 
ing, and so forth. 

Thus, for the data analysis stage, there were 143 
matched observations from component manufacturer-OEM 
customer dyads. These 143 responses were compared with 
the remaining 92 responses from OEM customers only, and 
no significant mean differences were found for the con- 
structs reported by OEM customers. The focal new devel- 
opment projects varied across a broad range of categories, 
including computer peripheral devices, general industrial 
machinery and equipment, electronic components, and 
transportation components and parts. 


Measurements 


The questionnaires was developed using the procedures that 
Churchill (1979) and Gerbing and Anderson (1988) recom- 
mend. Initially, eight paired interviews were conducted with 
executives from both OEM customers and component 
manufacturers across the three SICs. These early inter- 
views, which lasted approximately ten hours, helped 
develop the measurement scales and were instrumental in 
the attempt to craft the pretest survey. On the basis of these 
interviews and an extensive review of previous studies, pre- 
liminary versions of the questionnaires were developed. 
When possible, existing scale items were adapted to the 
context. Subsequently, the questionnaires were mailed to a 
sample of ten OEM customers and ten component manufac- 
turers to verify the appropriateness of the terminology used 
and the clarity of the instructions. A total of 15 question- 
naires were returned, and they indicated that, in general, the 
survey instrument was sound, though a few items were 
modified for clarity. The measurement items appear in 
Appendixes A and B. 

New product innovativeness and speed to market. The 
measure of new product innovativeness, which uses a six- 
item, seven-point semantic differential scale, was adapted 
from Moorman’s (1995) new product creativity scale. The 
scale items ask respondents about the extent to which the 
developed component is novel to the industry and offers 
new ideas. The coefficient alpha is .854. Measures adapted 
from the work of Griffin (1997) were used to measure new 
product speed to market. Specifically, a five-item, seven- 
point semantic differential scale asked respondents to rate 
the speed of development associated with the new compo- 
nent, resulting in a coefficient alpha of .809. 

CPI and CPC. As noted previously, CPI refers to the 
extent to which OEM customers share downstream cus- 
tomer information with the manufacturer during the NPD 
process. A new four-item, seven-point Likert scale was 


developed to measure this construct. The coefficient alpha 
is .821. In addition, CPC refers to the extent to which the 
OEM customer's task involvement constitutes a significant 
portion of the development task; three items that use a 
seven-point Likert scale were developed to measure this 
construct. The coefficient alpha is .798. 


Downstream customer network connectivity. On the 
basis of previous social network analysis studies (e.g., Antia 
and Frazier 2001; Wuyts and Geyskens 2005), downstream 
customer network connectivity was also measured through 
a primary survey. Specifically, a four-item, seven-point Lik- 
ert scale was developed to determine respondents' evalua- 
tions of the degree of connectivity between the OEM cus- 
tomer's distributors and retailers in terms of acquaintance, 
communication frequency, and involvement in professional 
associations. The coefficient alpha for this measure is .773. 


Process interdependence and process complexity. A 
newly developed four-item, seven-point Likert scale, with a 
coefficient alpha of .834, measured process inter- 
dependence by asking respondents about the extent to 
which the completion of each stage in the development 
process depends on the input and frequent collaboration of 
the manufacturer and OEM customer. Three items that use a 
seven-point semantic scale to measure process complexity 
were adapted from the work of Griffin (1997). Thus, 
respondents evaluated the extent to which the development 
process is complex and technical and spans a wide range of 
functions. The coefficient alpha is .723. 


Control Varlables 


Several control variables were also included. At the project 
level, three variables were employed. Both marketing and 
technology resource inputs can significantly influence NPD 
success, particularly innovativeness and speed to market, 
depending on their level (Gatignon and Xuereb 1997). 
Thus, in line with the work of Vorhies and Morgan (2003), 
both constructs were measured with five-item, seven-point 
semantic scales that asked respondents about the level of 
marketing and technology resources the component manu- 
facturer and OEM customer put into the NPD process. The 
coefficient alpha for the marketing resource input is .834, 
and for the technology resource input, it is .871. In addition, 
product criticality, or the importance of the developed com- 
ponent to the overall functioning of the end product, was 
controlled for (Rangan, Menezes, and Maier 1992) and 
measured using three seven-point Likert scales developed 
for this study, with a coefficient alpha of .734. 

At the firm level, the firm size of both the OEM cus- 
tomer and the component manufacturer was controlled for 
and measured as the number of employees. To normalize 
size, a log-transformation was used. Downstream customer 
network size was also included and was measured by two 
new seven-point Likert scale items; this controlled for its 
possible effect on information sharing and, thus, new prod- 
uct innovativeness and speed to market. The coefficient 
alpha is .675. In addition, the downstream customers' rela- 
tive power over the OEM customer was controlled for and 
measured as the percentage of the OEM customer's sales 
through these downstream distributors and retailers (Frazier 


1983). Prior studies have suggested that this relative power 
could significantly affect information sharing between the 
OEM customer and its downstream customers and, thus, 
new product innovativeness and speed to market (e.g., Kohli 
1989). 

At the relationship level, relationship embeddedness 
and relationship history between the OEM customer and the 
component manufacturer were included. Both relationship 
history and relationship embeddedness, defined as "the 
degree of reciprocity and closeness" between the OEM cus- 
tomer and component manufacturer (Rindfleisch and Moor- 
man 2001, p. 3), can influence codevelopment outcomes. 
The measure of relationship history considers the number 
of years the OEM customer and component manufacturer 
have been doing business together, and relationship embed- 
dedness uses a four-item, seven-point Likert scale adapted 
from the work of Rindfleisch and Moorman (2001). The 
coefficient alpha is .812. 

At the environmental level, environmental dynamism 
was included because of its influence on NPD success 
(Gatignon and Xuereb 1997). This was measured with four 
seven-point Likert scales adapted from the work of 
Jaworski and Kohli (1993), with a coefficient alpha of .804. 
Industry was also controlled for with a set of dummy 
variables based on the two-digit SIC codes (industry 
dummy. 1 = 1 if two-digit code is 35 and 0 if not; industry 
dummy. 2 = 1 if two-digit SIC code is 36 and 0 if not). 


Measurement Validation Procedure 


The unidimensionality and convergent validity of the con- 
structs were examined with confirmatory factor analysis 
(CFA) using LISREL. Separate CFAs were conducted for 
the OEM customer and component manufacturer data sets. 
As Appendixes A and B indicate, the CFA models suggest 
acceptable fit indexes for both samples. All items load on 
their respective constructs, and each loading is large and 
significant at the .01 level, showing satisfactory convergent 
validity (Anderson and Gerbing 1988). To assess the dis- 
criminant validity of the constructs, a CFA model that con- 
strained the correlation between a pair of constructs to 1 
was compared with an unconstrained CFA. model. To indi- 
cate discriminant validity, the unconstrained model must fit 
significantly better than the constrained model (Bagozzi, Yi, 
and Phillips 1991). The pairwise chi-square difference tests 
indicate that in each case, the chi-square difference statistic 
is significant at the .01 level, in support of discriminant 
validity. In addition, all pairs of constructs pass Fornell and 
Larcker's (1981) test of discriminant validity. That is, the 
amount of variance extracted by each construct (when mea- 
surement error is taken into account) is greater than the 
squared correlation between the two constructs. Table 1 pre- 
sents the correlation matrix and descriptive statistics. 


Results 
Seemingly unrelated regression (SURE), which Zellner 
(1962) developed for estimating theoretically related sets of 
equations, was used to estimate the model (see Table 2). 
Because the error terms of the different equations related to 
new product innovativeness and speed to market can be cor- 
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TABLE 2 





Results of SURE Analysis 
New Product New Product 
Innovatlveness Speed to Market 
(Standardized (Standardized 
Coefficlent) Coefficlent) 
Variables Hypotheses Model 1 Model 2 
Control Variable 
Marketing resource Input .110 .124* 
Technology resource Input . .176** .019 
Product criticality .094 -.167* 
Firm size of OEM customer .010 .060 
Firm size of component manufacturer .068 —.145* 
Downstream customer network size —.043 —.076 
Downstream customer relative power .034 —.082 
Relationship history . —.061 —.064 
Relationship embeddedness 102 .228* 
Environmental dynamism . .180** 114 
Industry dummy. 1 .032 —.075 
Industry dummy 2 .081 —.002 
Main Effect 
CPI .087 .248** 
CPC —.032 .031 
Downstream customer network connectivity .105 —.171* 
Process Interdependence .101 .142* 
Process complexity .131* —.068 
Moderating Effect 
CPI x downstream customer network connectivity H49/H4p —.233* .220** 
CPC x process interdependence Ho,/Hop .153** —.189** 
CPC x process complexity Нэе/Нзь .031 —.079 
Weighted R? .186 .231 
*p«.10 
“p < .05. 


related, as can the independent variables, SURE is an 
appropriate estimation method (Zellner 1962). To test the 
moderating effects, both the independent and the moderat- 
ing variables were mean centered to reduce the potential 
problem of multicollinearity (Aiken and West 1991). In 
addition, the significant interactions were analyzed with 
simple slope analysis, a technique that overcomes the need 
to create subgroups of continuous independent variables 
(Aiken and West 1991). Simple slope analysis indicates 
whether the regressions of CPI and CPC on new product 
innovativeness and new product speed to market are posi- 
tive or negative at high and low levels of the moderators; the 
results appear in Figures 1 and 2. 

Hia predicted that downstream customer network con- 
nectivity would moderate the effect of CPI on product inno- 
vativeness. As Table 2 indicates, the interaction term 
between downstream customer network connectivity and 
CPI demonstrates a significant, negative effect on new 
product innovativeness (В = —233, р < .05). The results of 
simple slope analysis in Figure 1, Panel A, provide more 
insight into this moderating effect. When downstream cus- 
tomer network connectivity is high (one standard deviation 
above the mean), CPI has a significant, negative effect on 
product innovativeness (В = —.151, р < .05); when connec- 
tivity is low (one standard deviation below the mean), this 


effect becomes positive (В = .325, р < .01). Нуь, which pre- 
dicted that downstream customer network connectivity 
would positively moderate the effect of CPI on new product 
speed to market, also receives support, in that the inter- 
action term between downstream customer network connec- 
tivity and CPI has a significant, positive effect on new prod- 
uct speed to market (B — .220, p « .05). As Figure 1, Panel 
B, shows, a simple slope analysis implies that when down- 
stream customer connectivity is high (one standard devia- 
tion above the mean), CPI has a significant, positive effect 
on speed to market (B — .472, p « .01) but no significant 
effect when downstream customer network connectivity is 
low (one standard deviation below the mean) (B = .023, 
n.S.). 

Н, and Нь are also supported. Specifically, Table 2 
shows that process interdependence positively moderates 
the effect of CPC on new product innovativeness with a sig- 
nificant coefficient (B = .153, p < .05). The simple slope 
analysis also shows that when process interdependence is 
high (one standard deviation above the mean), the effect of 
CPC on new product innovativeness is not significant (B = 
.142, n.s.); however, CPC has a negative effect оп new 
product innovativeness (В = —206, p < .05) when process 
interdependence is low (one standard deviation below the 
mean) (see Figure 2, Panel A). Similarly, Ho, is supported 
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FIGURE 1 
Moderating Effects of Downstream Customer Network Connectivity 
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because the moderating effect of process interdependence above the mean), CPC has a negative influence on new 
on the relationship between CPC and new product speed to product speed to market (В = —184, р < .05), and when it is 
market is negative and significant (В = –.189, p < .05). Fur- low (one standard deviation below the mean), the effect of 
thermore, the simple slope analysis indicates that when CPI on new product speed to market is significant and posi- 
process interdependence is high (one standard deviation tive (B = .246, р < .05) (see Figure 2, Panel B). 
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Finally, Нз, and Hay, which predicted that moderating 
effects of process complexity on the relationship between 
CPC and new product innovativeness and speed to market, 
are not supported. Neither interaction term is significant 
(innovativeness: В = .031, n.s.; speed to market: В = –.079, 
п.5.). 


Discussion 


Theoretical Implications 


Although the importance of customer participation in 
manufacturers! NPD processes has been well articulated 
(Prahalad and Ramaswamy 2000), little empirical evidence 
exists regarding this phenomenon. This article is among the 
first to explore the relationship between customer participa- 
tion activities and NPD success, as reflected in new product 
innovativeness and speed to market. The major findings and 
their implications for marketing literature are discussed in 
this section. 

When downstream customer network connectivity is 
high, CPI has a negative influence on innovativeness. In 
contrast, CPI has a positive effect on innovativeness when 
downstream customer network connectivity is low. This 
result implies that negative effects associated with high net- 
work connectivity, such as cognitive lock-in, may trump the 
positive effects of decreased information loss and greater 
motivation to share market information. Another explana- 
tion might be that in a highly connected network, distribu- 
tors and retailers have greater collective bargaining power, 
which enables them to pressure OEM customers to refrain 
from sharing diverse market information with the compo- 
nent manufacturer and, thus, to obtain higher channel prof- 
its.3 With regard to NPD speed, the significant main effect 
of CPI on new product speed to market appears to suggest 
that market information shared by the OEM customer dur- 
ing its participation process can help identify and resolve 
potential problems, which minimizes development delays 
and improves new product speed to market. However, this 
effect is stronger when the distributors and retailers are 
highly connected. 

Though not formally bypothesized, the direct effect of 
network connectivity on new product speed to market 
appears negative but marginally significant. In other words, 
regardless of the level of customer participation, a highly 
connected downstream network can slow development 
speed. A highly connected downstream network might 
entail particular caution on the part of the component manu- 
facturer in terms of product acceptance from downstream 
distributors and retailers, which may result in component 
manufacturers' extra prudence in the development process 
and thus slow the process overall. 

Furthermore, when process interdependence is high, 
CPC positively influences product innovativeness but 
delays speed to market. In contrast, when process inter- 
dependence is low, CPC significantly improves the speed to 


3An anonymous reviewer pointed out this alternative 
explanation. 


market but does not affect innovativeness. However, the 
moderating effects of process complexity are not significant 
on either new product innovativeness or speed to market. 
Yet process complexity can facilitate the OEM customer's 
involvement, challenge existing routines, and improve new 
product innovativeness, as well as hurt the effect of CPC on 
new product speed to market, because of the back-and- 
forth, trial-and-error procedures it entails. This insignificant 
effect may result from the opposing mechanisms associated 
with process complexity. Presumably, when the develop- 
ment process is complex, the development team is forced to 
adopt more formalized, predetermined coordination mecha- 
nisms to avoid coordination errors. The consequent lack of 
flexibility may diminish or even eliminate opportunities for 
informal interactions that are essential for new product 
innovativeness. Simultaneously, the formalized and pre- 
determined coordination mechanism might eliminate the 
interactive procedures that hinder development speed. In 
other words, these mechanisms might work in opposite 
directions, and their effects likely cancel out each other. 
Additional research should explore the boundary conditions 
for these opposing mechanisms to obtain a more nuanced 
view of when process complexity might influence the 
effects of CPC on new product innovativeness and speed to 
market. 

The results have significant implications for several 
research streams. First, the insignificant main effects of CPI 
on new product innovativeness, as well as those of CPC on 
new product innovativeness and speed to market, demon- 
strate that customer participation, whether as an informa- 
tion source or a codeveloper, does not always lead to desir- 
able new product outcomes. In addition, the results provide 
unequivocal evidence that depending on how well con- 
nected the downstream distributors and retailers are and 
how interdependent the process is, customer participation 
activities may improve one outcome but harm another. 
Therefore, the results underscore practitioners' observations 
regarding the trade-off effect between new product innova- 
tiveness and speed to market and suggest a theoretical 
explanation of how customer participation contributes to 
this effect. 

Second, the notion of social networks has begun to 
receive increasing attention in marketing literature (e.g., 
Anderson, Hakansson, and Johanson 1994; Rindfleisch and 
Moorman 2001; Wuyts and Geyskens 2005). For example, 
Rindfleisch and Moorman (2001) reveal the relevance of 
social network theory for explaining information acquisi- 
tion and usage by collaborators and competitors. Wathne 
and Heide (2004, p. 86) specifically indicate that “а promis- 
ing avenue for further research is ... to include network 
effects at the customer level.” The current research high- 
lights this point by introducing social network theory into 
the theoretical development. The results suggest that social 
network theory is relevant to the network effect in a busi- 
ness relationship context; further studies should continue to 
draw on this theory for other marketing contexts, such as 
the effect of consumers' network properties on new product 
adoption (Frels, Shervani, and Srivastava 2003). 

Third, extant studies exploring NPD in a relationship 
context typically focus on relationship (e.g., Sivadas and 
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Dwyer 2000), resource (e.g., Kotabe and Swan 1995), or 
organizational (e.g., Robertson and Gatignon 1998) charac- 
teristics. However, Lewis and colleagues (2002, p. 546) 
specifically state that "researchers need more encompassing 
theoretical frameworks (at different levels) ... to enable 
insights into the NPD process." Existing research on NPD is 
largely disjointed, such that studies exploring the business 
relationship level focus on how relationship characteristics 
and social capital drive information sharing and coordina- 
tion (e.g., Sivadas and Dwyer 2000) whereas those on the 
microproject level primarily center on how the specific pro- 
ject is structured and coordinated within and across differ- 
ent development tasks (e.g., Sobrero and Roberts 2001). 
This study bridges this gap to include both project-level fac- 
tors (e.g., process interdependence, process complexity) 
and relationship-related factors (e.g., CPI, CPC) and dis- 
cusses their effects on NPD success. 

Fourth, this article enhances the understanding of rela- 
tionship marketing. Information sharing and coordination 
represent two of the most important characteristics that con- 
tribute to relationship outcomes (Dyer and Singh 1998; Jap 
1999). However, existing literature does not clearly differ- 
entiate the effects of information sharing and coordination. 
By examining the respective contingency effects of CPI and 
CPC, this research sheds light on how information sharing 
and coordination work for different mechanisms. More 
important, the results challenge the traditional view that 
high levels of information sharing and coordination always 
lead to desirable outcomes. In the NPD context, depending 
on how well connected the distributors and retailers are, the 
level of information sharing may hurt outcomes such as 
innovativeness. Moreover, depending on the level of NPD 
process interdependence, a high level of codevelopment 
may slow product speed to market and harm product innov- 
ativeness. Additional research should follow this line of 
inquiry by examining the contingency effects of informa- 
tion sharing and coordination for other types of interorgani- 
zational business relationships. 


Managerial Implications 


For NPD managers, a highly innovative product and a quick 
time to the marketplace are two of the most important 
objectives. To achieve them, more manufacturers are bring- 
ing OEM customers into the development process. This 
study suggests that the involvement of OEM customers in 
NPD processes does not always lead to desirable outcomes. 

First, if the OEM customer's retailers and distributors 
are disconnected and do not maintain communications reg- 
ularly, bringing the OEM customer into the development 
process is likely to improve new product innovativeness 
because the information shared by the distributors and 
retailers through the OEM customer is more diverse. For 
example, Sony's involvement in the development of IBM's 
Cell microchip significantly improved its innovativeness 
(Forbes 2006). А possible explanation for this is that as a 
multinational corporation, Sony has a diverse base of dis- 
tributors and retailers across different countries, and these 
distributors and retailers may lack a high level of connectiv- 
ity between each other. In this sense, Sony can obtain and 
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transfer diverse information into the Cell development 
process, helping improve its innovativeness. However, man- 
agers must be wary of the type of information transferred 
into the NPD process in this scenario because incorporating 
this type of diverse and conflicting information into the 
development process may significantly slow down the 
development process. 

Second, the decision to include OEM customers in a 
significant portion of the development tasks carries certain 
benefit-risk trade-offs. Specifically, if the nature of the 
development requires a high level of interaction and coordi- 
nation across different stages, a significant OEM customer 
role is likely to delay the development process. In contrast, 
when the manufacturer and OEM customer can partition the 
tasks and take advantage of each party's knowledge and 
expertise in specific areas, development speed is likely to 
increase. 

Overall, involving customers in the NPD process is a 
complex task. The successful management of customer par- 
ticipation requires managers to understand (1) the priority 
of the development objectives (i.e., innovative product or 
fast development time), (2) the level of connectivity 
between the OEM customer's distributors and retailers, and 
(3) the nature of the development task (whether a high level 
of interaction is required during the process). 


Limitatlons and Future Research Directions 


As with any other research, this study has several limita- 
tions. First, this research focuses on OEM customers in 
three SICs (35, 36, and 37), and though the sample includes 
NPD activities for diverse product groups, studies that cover 
a broader spectrum of industries would enable researchers 
to test the generalizability of these findings. Specifically, 
the context of this research is industrial markets; further 
studies might extend the framework into consumer markets 
(e.g., Bendapudi and Leone 2003) to compare how cus- 
tomer participation activities differ. In such markets, con- 
sumers' participation activities, such as information sharing 
and codevelopment, are likely influenced by personal 
experience and psychology. Thus, tapping into consumer 
psychology to understand consumer participation, product 
innovation, and speed to market represents a fruitful direc- 
tion to pursue. 

Second, this study obtained measures of downstream 
customer network connectivity from single respondents, 
namely, OEM customers. This single-source measure may 
involve certain biases with regard to these connections. In 
particular, depending on the communications between the 
OEM customer and its downstream customers, the under- 
standing of connectivity among downstream customers 
might differ. Additional studies could use secondary data to 
depict the industry network and map individual firms' posi- 
tions in it. This method would also enable researchers to 
explore other network characteristics, such as the OEM cus- 
tomer's network centrality and how it may affect participa- 
tion activities and new product outcomes. Specifically, it 
might be expected that an OEM customer's central network 
position helps it gain needed market information for NPD 
activities. However, an OEM customer with high network 


centrality may also develop structural rigidity, such that its 
organizational processes and resource deployment decisions 
align tightly within its web of collaborative partners, which 
in turn hurts NPD activities. Thus, studies examining the 
boundary conditions regarding network centrality and new 
product outcomes are warranted. 

Third, other contextual factors could be introduced to 
enrich the model further. For example, studies might exam- 
ine the effects of market demand from end consumers on 
downstream customer network connectivity. More specifi- 
cally, a three-way interaction may exist among the diversity 
of market demand from end consumers, network connectiv- 
ity between distributors and retailers, and an OEM cus- 
tomer's participation activities for new product outcomes. 
Other characteristics of downstream customers may alter 
the effectiveness of the OEM customer's participation activ- 
ities; for example, the diversity of downstream customers' 
roles and competencies might enhance the information 
diversity critical to new product innovativeness and create 
coordination challenges for a speedy development process. 
Finally, the number of OEM customers may influence the 
dynamics of customer participation activities and the even- 
tual outcomes of new product innovativeness and speed to 
market. 


Appendix A: Scale Items from 
Component Manufacturer 


Constructs and Items Loadings 


New Product Innovatlveness 


Please rate the degree to which the new component is: 
]. Very ordinary for our industry/very novel for 
our industry. .873 
2. Not challenging to existing ideas in our 
industry/challenging to existing ideas in our 


industry. .821 
3. Not offering new ideas to our industry/ 

offering new ideas to our industry. 777 
4. Not creative/creative. 712 
5. Uninteresting/interesting. -702 


6. Not capable to generating ideas for other 
products/capable of generating ideas for 
other products. 875 


New Product Speed to Market 


Please rate the degree to which the development speed 
of the new component is: 
1. Far behind our time goals/far ahead of our 


time goals. 777 
2. Slower than industry norm/faster than 

industry norm. .903 
3. Much slower than we expected/much faster 

than we expected. -165 
4. Behind where we would be had we gone it 


alone/ahead of where we would be had we 
gone it alone. .812 


5. Slower than our typical product development 
time/faster than our typical product 
development time. 782 


Process Independence 


1. The development of this component depends 
largely on our OEM customer and us working 
closely on each stage of the development 
process. .823 

2. During the development process, the way 
our OEM customer or we perform the work 
has a significant impact upon the other party. .873 

3. This project requires both our OEM customer 
and us to coordinate each other's effort at 
each stage of the development. .810 

4. The completion of each of major NPD tasks 
requires both OEM customer and us to 
consult with each other frequently. .827 

5. Our OEM customer and we can work fairly 
independently of each other to complete 
development tasks. (reversed) ‚822 


Process Complexity 


Compared to other development processes, the develop- 
ment process of this component is: 


1. Simple/complex. ~ 734 
2. Technical/nontechnical. .805 
3. Spans across a wide range of functions/ 

limited in one or few functions. 783 


Fit indexes: 42 = 221.323 (d.f. = 127), goodness-of-fit 
index = .93, normed fit index = .91, comparative fit index = 
.93, and root mean square error of approximation = .06. 


Appendix B: Scale Items from OEM 


Customer 
Constructs and Items Loadings 


Downstream Customer Network Connectivity 


1. Our distributors and retailers all know each 
other fairly well. 821 
2. Our retailers and distributors maintain 
frequent face-to-face communications 
among each other. 812 
. Most of our distributors and retailers 
subscribe to our client (distributor and 
retailer) e-mail directory, and use it to 
communicate with each other regularly. .752 
4. Most of our distributors and retailers аге 
actively involved in their professional 
associations. 721 


CPI 
During the participation process: 
1. We actively transferred information gathered 
from our distributors and retailers into 
development team. .821 


о 
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2. We kept our manufacturer informed about 
what was happening in the market of our 
distributors and retailers. .854 
3. The transfer of information about 
downstream customer needs and preferences 
took place frequently. .827 
4. We shared proprietary information with our 
component manufacturer if our feel that the 
information can improve the development 
of the component. .883 


CPC 
During the participation process: 
1. Our development effort played a very 
important role in the completion of 


development tasks. 7169 
2. Our work constituted a significant portion of 

the overall development effort. .797 
3. Our involvement as codeveloper of the 

component was quite significant. .815 


Environmental Dynamism 
1. In the market of this component, customers’ 


preferences change quickly over time. .813 
2. Market demand and consumer tastes in this 

component's market have been 

unpredictable. .822 
3. Actions of competitors in the component's 

market have been highly unpredictable. 777 


Relationshlp Embeddedness 
1. We feel indebted to this manufacturer for 


what they have done for us. 731 
2. Our relationship with this manufacturer can 
be defined as “mutually gratifying.” .782 


3. Our engineers share close social relationship 
with the engineers from this manufacturer. 726 


4. We expect that we will be working with this 
manufacturer far into the future. 727 


Downstream Network Size 
1. Compared to industry average, we maintain 


a large size of distributors and retailers. .893 
2. We have a higher number of distributors and 

retailers than most of our competitors. .836 

Product Criticality 

1. This component is critical to the overall 

success of our end product. 437 
2. The functioning of our end product depends 

greatly on the success of this component. ‚783 
3. This component is only a peripheral part of 

our end product. (reversed) .684 


Marketing Resource Input 


Please rate the degree of resource input your component 
manufacturer and you put during the development process 
along: ("low/high") 


1. Environmental scanning. .819 
2. Market planning. 721 
3. Marketing implementation. ‚802 
4. Analyzing customer needs. .811 


Technology Resource Input 


Please rate the degree of resource input your component 
manufacturer and you put during the development process 
("low/high"): 


1. Research and development. 720 
2. Industrial design. 711 
3. Engineering management. .812 
4. Information technology. 786 


Fit indexes: 2 =.719.005 (d.f. = 390), goodness-of-fit 
index = .87, normed fit index = .90, comparative fit index = 
.91, and root mean square error of approximation = .07. 
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The Long-Term Stock Market 
Valuation of Customer Satisfaction 


Firm valuation has been an important domain of interest for finance. However, most financial models do not include 
customer-related metrics in this process. Studies in marketing have found that one particular customer metric, 
customer satisfaction, improves the ability to predict future cash flows, long-term financial measures, stock 
performance, and shareholder value. However, most of these studies predominantly employ models that are not 
directly used in finance practice. This article extends existing literature by examining the impact of customer 
satisfaction on firm valuation by employing multiples and risk-adjusted abnormal retum models borrowed directly 
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indicate that a portfolio of stocks consisting of firms with high levels and positive changes in customer satisfaction 
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positive changes, and high levels and negative changes in customer satisfaction) along with Standard & Poor's 500. 
Initially, the stock market undervalues positive satisfaction information, but the market adjusts in the long run. 
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of professional analysts to predict the financial per- 

formance of firms effectively (e.g., Fama 1970, 
1991; Malkiel 1973; Schwed 1940). Lev and Zarowin 
(1999) show that U.S. firms' earnings have become less cor- 
related with stock prices and attribute this to the failure to 
account for intangible assets. Although it is relatively 
straightforward to calculate the economic value added of 
tangible assets, such as plant and equipment, intangible 
assets are more difficult to value because they have no 
physical form and cannot easily be associated with future 
expected cash flows. Examples range from brand names 
(e.g., Coca-Cola) to patents (e.g., Pfizer) to technological 
expertise (e.g., Microsoft). What is the potential incremen- 
tal impact of such intangible assets on the measurement of 
firm performance? 

Marketers have recently proposed that much of the 
problem with predicting firm performance is that the mod- 
els analysts use lack intangible and nonfinancial customer- 
based metrics (Gupta, Lehmann, and Stuart 2004; Hogan et 
al. 2002). Analysts tend to focus on measuring tangible data 


R esearchers and managers have questioned the ability 


Lerzan Aksoy is Associate Professor of Marketing, Fordham University 
(e-mail: lerzanaksoy @ gmall.com). Bruce Cooll is Dean Samuel B. and 
Evelyn R. Richmond Professor of Management, Owen Graduate School 
of Management, Vanderbilt University (e-mail: bruce.cooil & owen. 
vanderbilt.edu). Christopher Groening Is Assistant Professor of Marketing, 
College of Business, University of Missourl, Columbia (e-mail: 
groeningc 6 missoun.edu). Timothy L. Keiningham is Global Chlef Strat- 
egy Officer and Executive Vice President, IPSOS Loyalty (e-mail: tim. 
kelningham @ipsos-na.com). Atakan Yalçın is Assistant Professor of 
Finance, College of Administrative Sciences and Economics, Koc Unlver- 
sity (e-mail: atyalcin Q ku.edu.tr). Bruce Cooil acknowledges support from 
the Dean's Fund for Faculty Research, Owen Graduate Schoo! of 
Management, Vanderbilt University. 


© 2008, American Marketing Association 
ISSN: 0022-2429 (print), 1547-7185 (electronic) 


reported in a firm's financial statements. However, advo- 
cates of nonfinancial metrics argue that intangible assets, 
such as customer and brand elements, are critical elements 
of firm value (Aaker and Jacobson 2001; Amir and Lev 
1996; Srivastava, Shervani, and Fahey 1998). According to 
Gupta and Lehmann (2003, p. 10), “This interest in intangi- 
bles arises from the recognition that [the] market value of 
the largest 500 corporations in the United States is almost 
six times the book value." 

One such intangible asset found to influence firm value 
is customer satisfaction (Anderson, Fornell, and Mazvan- 
cheryl 2004; Fornell 2001; Fornell et al. 2006; Gruca and 
Rego 2005). Customer satisfaction has been shown to posi- 
tively affect both equity prices and valuation ratios, such as 
Tobin's q and market-to-book ratio (Anderson, Fornell, and 
Mazvancheryl 2004; Ittner and Larker 1996). Gruca and 
Rego (2005) find that customer satisfaction creates share- 
holder value through its effect on fundamental value drivers 
by increasing future cash flow growth and reducing its vari- 
ability. Fornell and colleagues (2006) show that a portfolio 
of firms with high customer satisfaction generated a cumu- 
lative return of 4096 between February 1997 and May 2003 
and outperformed major stock indexes, such as the Dow 
Jones Industrial Average and Standard & Poor's (S&P) 500. 

Yet, although both theory and preliminary empirical 
investigations tend to support the link between customer 
satisfaction and shareholder value, economists or analysts at 
large investment banks do not widely use consumer satis- 
faction data when projecting a company's future stock per- 
formance (Keiningham et al. 2005). Williams and Viser 
(2002, p. 195) illustrate this point, asserting that "customer 
satisfaction with services is now not very important to any 
of the major parties involved. It is relatively unimportant for 
investors.” Thus, despite the popularity of different 
approaches to understanding the true value of a company, 
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the efficacy of including intangible measures with financial 
measures remains under debate. With these issues in mind, 
using financial models, we address the question, Does cus- 
tomer satisfaction affect firm valuation in the long run? 

This research extends the work of Ittner and Larker 
(1996), Anderson, Fornell, and Mazvancheryl (2004), 
Gruca and Rego (2005), and Fornell and colleagues (2006) 
in four ways. First, prior studies have examined the rela- 
tionship between satisfaction and shareholder value exclu- 
sive of other firm-level financial models traditionally used 
to forecast future stock performance. We employ several 
financial metrics and models most commonly used in the 
practice of finance by analysts. Our models determine the 
incremental benefit of including satisfaction data to mea- 
sure the effect on expected asset returns. Second, 
researchers have examined the relationship between satis- 
faction and raw market value (Ittner and Larker 1996) and 
the relationship between satisfaction and Tobin's q (Ander- 
son, Fornell, and Mazvancheryl 2004). We concentrate on 
the increase or decrease in a company's share price using 
data over a ten-year period. Third, because returns are likely 
to vary with risk factors, we examine the risk-adjusted 
abnormal stock returns associated with customer satisfac- 
tion. Fourth, analysts at institutional securities firms do not 
believe in investment strategies that have not been rigor- 
ously tested for multiple start-end dates (referred to in the 
investment industry as "backtesting") (Gradwohl 2007). We 
conduct such an analysis to ensure that our findings are not 
based on fortuitous market timing. 


Value of Intangible Assets 


The ascendancy of shareholder power has led managers to 
focus increasingly on value creation as the most important 
metric of corporate performance (Copeland, Koller, and 
Murrin 2000). Thus, focusing on shareholder value has 
become a long-term objective that managers address to add 
incremental value (Day and Fahey 1988). Researchers and 
managers have begun to study the effect of intangible mar- 
keting variables, such as brand equity and customer satis- 
faction, on firm value (Luo 2007; Luo and Donthu 2006; 
See 2006). Srivastava, Shervani, and Fahey (1998) suggest 
that such market-based assets increase shareholder value by 
accelerating and enhancing the level and lowering the 
volatility of cash flows. They developed a marketing- 
finance interface framework that allows firms to develop 
and manage market-based assets that arise from relation- 
ships between the firm and entities in its external 
environment. 

There is indeed a growing recognition that a significant 
proportion of the market value of firms today lies in intan- 
gible assets. For example, Capraro and Srivastava (1997) 
show that the market-to-book ratio for Fortune 500 compa- 
nies averages 3.5, suggesting that more than 7096 of the 
market value of the Fortune 500 firms lies in their intangi- 
ble assets. Nakamura (1999) provides different measures of 
the magnitude of intangible assets in today's economy and 
estimates the capitalized value of intangible assets to be in 
excess of $6 trillion. Finance professionals are also slowly 
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beginning to recognize the need to include nonfinancial 
measures in firm valuation (Investor Relations Business 
2003; Kaplan and Norton 1992). 

Researchers in the marketing domain have pointed to 
the need to employ intangible or nonfinancial customer- 
based metrics in financial models to predict firm stock per- 
formance (Gupta, Lehmann, and Stuart 2004; Hogan et al. 
2002). Advocates of these metrics have argued that intangi- 
ble assets, such as various brand and customer elements, are 
critical to firm value (Aaker and Jacobson 2001; Amir and 
Lev 1996; Srivastava, Shervani, and Fahey 1998). For 
example, Kohli and Leuthesser (2001, p. 75) report that “the 
Coca-Cola brand is worth more than half the market value, 
and a staggering 10 times the book value, of its parent com- 
pany. The value of the Microsoft brand is about one-fifth of 
the company's market value and more than 150 percent of 
its book value." Furthermore, research supports a link 
between customer equity, represented by aggregate cus- 
tomer lifetime value across customers (Blattberg, Getz, and 
Thomas 2001; Rust, Lemon, and Zeithaml] 2004; Zeithaml 
et al. 2006), and the market valuation of a firm (Gupta, 
Lehmann, and Stuart 2004). 


Customer Satisfaction and Shareholder Wealth 


Prior research in the field of marketing has found support 
for the role of customer satisfaction (American Customer 
Satisfaction Index [ACSI]) on firm economic performance, 
such as return on assets (ROA) and return on equity (ROE) 
(Anderson, Fornell, and Mazvancheryl 2004; Fornell et al. 
2006), and on models aimed at conducting company valua- 
tion (Fornell et al. 1996). As Fornell (2003, p. 28) states, “In 
1994, we thought ACSI could be of help in the investment 
arena, and today we have the data to prove it. If financial 
reports included information about the quality of customer 
relationships, there would be a much better understanding 
of the link between the firm's current condition and its 
future capacity to generate shareholder wealth." 

Why is customer satisfaction likely to have a positive 
impact on a company's value? А great deal of research 
demonstrates the favorable responses that customer satis- 
faction is likely to elicit. For example, customer satisfaction 
has been found to have a positive effect on a company's 
relationship with its customers (Bolton, Lemon, and Ver- 
hoef 2004). Furthermore, there is substantial evidence to 
suggest that the strength of a firm's customer relationships 
is an important indicator of firm performance (Ambler et al. 
2002; Bell et al. 2002; Berger et al. 2002; Blattberg and 
Deighton 1996; Hogan, Lemon, and Rust 2002; Rust, 
Lemon, and Zeitham! 2004). The market orientation litera- 
ture also finds that companies that have a stronger market 
orientation (Porter 1996; Pralahad and Krishnan 1999) and 
view customers as a priority as part of the company culture 
(Deshpandé, Farley, and Webster (1993) exhibit superior 
performance. 

More specifically, research has found that customer sat- 
isfaction has a measurable impact on purchase intentions 
(Bolton and Drew 1991), customer retention (Mittal and 
Kamakura 2001), reduced customer defections (Anderson 
1996), share of wallet (Cooil et al. 2007; Keiningham, 
Perkins-Munn, and Evans 2003), increased receptiveness to 


cross-selling efforts (Fornell 1992), reduced complaints 
(Bolton 1998; Fornell 1992), and word of mouth (Anderson 
1998). The service-profit chain has also proposed a positive 
chain of effects from employee satisfaction to customer sat- 
isfaction to loyalty, firm revenue, and profitability (Heskett, 
Sasser, and Schlesinger 1997). Johnson and Gustafsson 
(2000) find that profits can be increased by building reve- 
nues through improvements to customer service, customer 
satisfaction, and customer retention. The return-on-quality 
framework initially proposed by Rust, Zahorik, and Kein- 
ingham (1995) also provides additional insight into these 
relationships. They explicitly show that firms that invest in 
quality improvements aimed at enhancing customer satis- 
faction can contribute to the bottom line in two ways. The 
first is a downstream approach that focuses on revenue- 
enhancing outcomes of increased satisfaction, and the sec- 
ond focuses on cost efficiencies as a result of processes 
employed to achieve a certain level of quality and, thus, sat- 
isfaction. There is current debate on which of these routes 
to profitability yields higher returns. Rust, Moorman, and 
Dickson (2002) find that firms that primarily adopt a reve- 
nue expansion emphasis perform better than those that 
emphasize cost reduction. Mittal and colleagues (2005) find 
that the association between customer satisfaction and 
financial performance is stronger when a firm is able to 
achieve a dual emphasis on revenue expansion and cost 
reduction, particularly in the long run. 

Given that satisfaction is linked to long-term customer 
cash flows and value creation, we expect that there is a 
positive relationship between customer satisfaction and firm 
stock performance. One of the earliest studies that explored 
the link between satisfaction and a firm's market value was 
that of Ittner and Larker (1996). However, their findings 
were mixed and inconclusive. More recently, Anderson, 
Fornell, and Mazvancheryl (2004) found a positive associa- 
tion between the ACSI and Tobin's q (Tobin 1969), the ratio 
of price to book value, and equity prices using ACSI data 
from 1994 to 1997. It is proposed that a firm that creates 
market value greater than its replacement costs increases 
shareholder wealth through more efficient use of its 
resources. These findings are bolstered by the research of 
Gruca and Rego (2005), who use ACSI and COMPUSTAT 
data to find that satisfaction creates shareholder value by 
increasing future cash flow growth and reducing its vari- 
ability. Fornell and colleagues (2006) test the ability of cus- 
tomer satisfaction to generate excess returns using ACSI 
and COMPUSTAT data. They conducted an event study and 
examined stock market reactions to announcements of cus- 
tomer satisfaction information immediately after the 
announcement. The results suggest that companies that are 
better than their competitors in terms of satisfying cus- 
tomers generate superior returns at lower systematic risk. 
However, news about changes in customer satisfaction was 
not found to have an immediate impact on stock prices. 

Historically, however, the inclusion of customer satis- 
faction into firm valuation models has encountered resis- 
tance for several reasons. First, consumer attitudinal data 
are believed to provide little additional information beyond 
what is contained in other commonly used data sources to 


forecast performance.! For example, two measures of con- 
sumer attitudinal data, the Index of Consumer Sentiment 
maintained by the University of Michigan and the Confer- 
ence Board's Consumer Confidence Index, are closely fol- 
lowed measures designed to reflect and project economic 
activity. In research using the University of Michigan's 
Consumer Confidence Index, Carroll, Fuhrer, and Wilcox 
(1994) find that though the index aids in the prediction of 
economic activity, when combined with other widely avail- 
able and commonly used forecasting data, it did not provide 
much additional benefit.2 

Second, it is widely believed that investors do not value 
customer satisfaction information. As Williams and Viser 
(2002, p. 195) argue, "Customer satisfaction is not seen by 
investors as one of the newly important intangible assets 
when they are called upon to evaluate a business. Investors 
no longer believe there is any competitive advantage in sat- 
isfying customers" However, Williams and Viser, along 
with other researchers (Laing 2000; McNamee 2001), note 
that there has been an increasing call for including intangi- 
ble assets in companies' financial reports. Even so, firms 
still report little of this type of information (Drozd 2004). In 
addition, customer satisfaction is rarely referenced in arti- 
cles as а desired intangible asset in companies' financial 
reports, which further exacerbates this situation. 

Third, Keiningham and colleagues (2005) contend that 
large institutions are so driven by near-term financial per- 
formance that they lack patience for longer-term efforts 
designed to enhance customer loyalty. In addition, Williams 
and Viser (2002) argue that chief executive officers (CEOs) 
are forced to manage for the short run because of their short 
average tenure. For example, a recent study of 476 of the 
world's largest public and private companies found that 
almost half of all CEOs had held their positions for fewer 
than three years, with approximately two-thirds holding the 
position for fewer than five years (study by Drake Beam 
Morin reported in Hong Kong Business 2000). Williams and 
Viser argue (p. 196) that because CEOs have less time to 
*ensure themselves either a lucrative retirement or another 
top job,” they attempt to increase share prices in the short 
run and, further, that “there are many factors that have a 
much more direct and fast effect on share price than cus- 
tomer satisfaction figures.” 

Fourth, research analysts are skeptical of the impact of 
customer satisfaction data on the evaluation of a firm’s per- 
formance. As Gupta, Lehmann, and Stuart (2004, p. 8) note, 
“Financial analysts are now quite skeptical of nonfinancial 
metrics.” An article in the Wall Street Journal (Hilsenrath 
2003, p. A2) supports this assertion, noting with regard to 
the ACSI that “[m]any stock analysts aren't convinced that 
the university’s customer satisfaction index, in and of itself, 
is all that important.” Tom Goetzinger, a Morningstar ana- 
lyst, said that he was familiar with the ACSI but did not 
place too much importance on it unless there were signifi- 





1Piger (2003) notes that consumer confidence data аге not 
viewed as aiding in the prediction of economic activity. 

2Note that the consumer confidence index addressed in these 
studies is distinct from the ACSL 
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cant score movements: “Тп general, I've always been leery 
of telephone surveys" (qtd. in Hilsenrath 2003, p. A2). 

Despite all the skepticism, the evidence suggests. that 
nonfinancial metrics indeed contribute to a better. under- 
standing of firm value. For example, when Amir and Lev 
(1996) examined tangible and intangible assets of indepen- 
dent wireless communications companies, they found that 
on a stand-alone basis, financial information (e.g.; earnings, 
book values, cash flows) was largely irrelevant for stock 
valuation. Nonfinancial indicators, such as population size 
(a growth proxy) and market penetration (an operating per- 
formance measure), were highly value relevant. However, 
when combined with nonfinancial information, earnings 
contributed to the explanation of stock prices, highlighting 
the complementarities between financial and nonfinancial 
data. 


Contribution of Research 


Our research builds primarily on the work of Fornell and 
colleagues (2006), who study instant ensuing reactions of 
the stock market to the release of customer satisfaction data. 
They find that there are no reactions, even when examining 
reactions 5—15 days surrounding the announcement. How- 
ever, it is possible that the market initially misreacts to such 
information but adjusts over a longer period. Therefore, this 
article focuses on the long-term risk-adjusted returns of cus- 
tomer satisfaction using 3600 firm-quarter observations. 
Using the ACSI scores from December 1996 to August 
2006, we determine whether the stock market appropriately 
values the benefits of customer satisfaction. If investors are 
more likely to underreact to the economic value added of 
customer satisfaction, strategies that exploit this lack of 
reaction should have excess returns. 

An efficient capital market sets prices on the basis of 
expectations of the future. However, it is difficult to identify 
when the market forms and changes expectations about cus- 
tomer satisfaction. Prior studies that analyzed the impact of 
customer satisfaction on security returns did not find an 
immediate reaction to changes in ACSI scores and con- 
cluded that any strategy to classify firms into high or low 
customer satisfaction must be based not only on score 
changes in time but also on levels. Accordingly, we examine 
the impact of customer satisfaction on firm performance by 
forming stock portfolios based on a compound measure of 
customer satisfaction: whether a firm’s ACSI score is above 
or below the national average and whether the percentage 
change is negative or positive over time. The former mea- 
sure assesses how well a firm does compared with the rest 
of the market in the cross-section in terms of satisfaction, 
and the Jatter measure assesses how well a firm does com- 
pared with its own history of customer satisfaction. 

We examine four portfolios (high versus low customer 
satisfaction levels and increase versus decrease in customer 
satisfaction levels) and compare them with one another and 
with the S&P 500 index. We show that a $100 investment in 
a portfolio of firms with high customer satisfaction and an 
increase in customer satisfaction more than triples to $312. 
To put our results in perspective, the same $100 investment 
in the S&P 500 grows only to $205. The performance of a 
portfolio of firms with low customer satisfaction and a 
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decrease in customer satisfaction is significantly weaker, 
with the $100 investment actually decreasing to $98. 

When examining the risk-adjusted performance, we find 
that the high-customer-satisfaction portfolio has abnormal 
returns ranging from 5% to 7% annually, depending on the 
risk-adjustment model. А zero net investment portfolio, 
formed by buying stocks with high customer satisfaction 
and short selling those with low customer satisfaction, has a 
significant, positive abnormal return ranging from 1196 to 
1496 per year. The results indicate that (1) high customer 
satisfaction brings positive excess returns after we adjust for 
various risk factors and (2) there is consistent evidence of a 
misreaction by the stock market to the intangible value 
implied in customer satisfaction (although the market fails 
to react immediately to customer satisfaction—related infor- 
mation, it adjusts over time). 

In the next section, we discuss the sample selection pro- 
cedures and our research methodology, and we present 
some descriptive statistics. Then, we present our main find- 
ings. The following section contains robustness tests, and 
the final section summarizes the findings and offers several 
conclusions. 


Data and Research Methodology 


We measure customer satisfaction using the ACSI, which 
was developed by the National Quality Research Center of 
the Stephen M. Ross Business School at the University of 
Michigan. The index measures the quality of goods and ser- 
vices purchased in the United States produced by both 
domestic and foreign firms with substantial U.S. market 
Shares and is a national barometer of customer satisfaction 
(Fornell et al. 1996). The ACSI reports scores on a 0-100 
scale and produces indexes for ten national-level economic 
sectors, 43 industries, and more than 200 companies and 
federal or local government agencies. The measured com- 
panies, industries, and sectors in the index are broadly rep- 
resentative of the U.S. economy serving U.S. households.3 
The national average ACSI score has been shown to corre- 
late with gross domestic product, personal consumption 
expenditure, and the stock market, which has resulted in the 
ACSI becoming an important indicator of economic perfor- 
mance for the macro economy. 

We match the ACSI sample of NYSE-, AMEX-, and 
NASDAQ-listed U.S. firms that are specified as ordinary 
common shares with monthly returns from the Center for 
Research in Securities Prices (CRSP) and with nonnegative 
book values of equity available from the quarterly merged 
COMPUSTAT data, also maintained by CRSP. In addition, 
we obtain several data items listed in the Appendix, such as 
sales or book value of assets, that are required to calculate 
several accounting profitability measures or valuation mul- 
tiples from the COMPUSTAT data set. The period in this 
study covers the third calendar quarter of 1996 through the 
first quarter of 2006, which is a period with market ups and 
downs, including the stellar rise of the late 1990s and the 


3The sales volume of surveyed firms represents more than 40% 
of the U.S. gross domestic product (Fornell et al. 1996). 


ensuing correction in security prices. А total of 151 unique 
firms and 3600 firm-quarter observations are studied. The 
number of firms in each quarter averages 92 and ranges 
from 78 to 114. 

The ACSI was first published in October 1994. Since 
then, it has been updated quarterly, on a rolling basis, with 
new data for one or more of the measured sectors replacing 
data collected the prior year. The ACSI data for a calendar 


quarter t are released with a lag. Typically, the results are | 


made publicly available on the third Tuesday of February 
(fourth-quarter results from the previous year), May (first- 
quarter results), August (second-quarter results), and 
November (third-quarter results). 

Customer satisfaction data have been shown not to 
move stock prices on or around the public release date of 
the data (Fornell et al. 2006; Ittner and Larcker 1998), and it 
has been suggested that it is necessary to consider both lev- 
els and changes in ACSI scores because the stock market 
does not seem to respond immediately to changes in the 
score. As such, we classify firms into four categories on the 
basis of two signals related to customer satisfaction: the 
level and percentage change in the ACSI score. To remove 
the impact of systematic economywide sentiment changes, 
we base our portfolio formation on national average— 
adjusted ACSI scores. That is, our measure of customer 
satisfaction is the original ACSI score scaled by the national 
average. 

More specifically, we classify each firm into one of the 
four groups as follows (firms are reclassified every quarter 
when new ACSI data are released): 


1. Above/below the national average-adjusted ACSI score 
mean. 

2. Positive/negative percentage change in national average— 
adjusted ACSI score. 


The final portfolio allocation is an intersection of these two 
signals, resulting in four distinct portfolio groups: 


*Portfolio High: Positive signals on both ACSI level and 
change. This is the optimal portfolio in terms of customer sat- 
isfaction. It consists of firms with both high levels of and 
increasing customer satisfaction scores. 

ePortfolio Low: Negative signals on both ACSI level and 
change. This is the least optimal portfolio in terms of cus- 
tomer satisfaction on both fronts. It consists of firms with 
both low levels of and decreasing customer satisfaction 
scores. 


The other two portfolios constitute a gray area, with con- 
flicting signals in terms of levels and change in customer 
satisfaction. That is, these portfolios contain firms with 
either increasing customer satisfaction or high levels of cus- 
tomer satisfaction, but not both: 


*Portfolio 2: Negative signal on ACSI level but positive signal 
on change. This portfolio consists of firms with low but 
increasing customer satisfaction scores. 


4The national-level average 1s available from the ACSI, and the 
aggregation is done using sales data (1.е., a sales-adjusted averag- 
ing is used) by the index provider. 


*Portfolio 3: Positive signal on ACSI level but negative signal 
on change. This portfolio consists of firms with high but 
decreasing customer satisfaction scores. 


At the end of February, May, August, and November, 
new portfolios are recalculated as outlined previously with 
the release of new ACSI data. For example, the first port- 
folio is formed at the end of November 1996 (from the 
third-quarter 1996 ACSI results). Portfolio returns are 
tracked monthly for the next three months (December 1996, 
January 1997, and February 1997). The last portfolio is 
formed at the end of May 2006 (from the first-quarter 2006 
ACSI results), and the portfolio returns are tracked for June, 
July, and August 2006. There are 117 monthly value 
weighted portfolio returns from December 1996 to August 
2006.5 Although portfolios are reformed every three 
months, a firm can stay in the same portfolio for the entire 
117 months of the test period. In the end, hypotheses about 
the impact of customer satisfaction on shareholder wealth 
can be tested using the monthly series of the four portfolio 
returns we formed. 

The market values of securities are derived from a com- 
bination of the exogenous economic environment in which 
the company operates and the corporate decision process 
within that environment. Both systematic and firm-specific 
factors affect the value and, thus, the return of corporate 
securities in such a setup. We track returns of portfolios 
instead of tracking returns of a specific firm because we can 
diversify away idiosyncratic risks and attribute portfolio 
performance specifically to customer satisfaction. 

As with the ACSI data, we use lagged quarterly 
COMPUSTAT data in our analysis. On average, there is a 
23-calendar-day difference between the end of a COMPU- 
STAT fiscal quarter and the actual report date of financial 
statements for the sample of firms in our study. The reason 
for using lagged data is to ensure that any investor forming 
a portfolio at a given time has full access to the publicly 
available ACSI and COMPUSTAT accounting data. 

The left-hand side of Table 1 reports summary statistics 
on our proposed portfolios. Note that portfolios do not nec- 
essarily comprise an equal number of firms. For each port- 
folio, the numbers reported in the table are time-series aver- 
age values of cross-sectional median firm values. That is, 
we define portfolio values as the median of firm values each 
quarter and then report the time-series average of these 
cross-sectional medians. For example, Portfolio High has a 
national average—adjusted ACSI score of 1.08 and an aver- 
age of 33 stocks. It averages $10,631 million in sales and 
has an average market value of equity equal to $12,018 mil- 
lion.6 Portfolio Low scores less on customer satisfaction, 
but it has higher average sales and higher average market 
value of equity than Portfolio High. Both portfolios have a 
similar amount of financial leverage; the ratio of short- and 


5Portfolio weights are based on prior month market capitaliza- 
tion of firms that make up a specific portfolio. Our conclusions are 
insensitive to value or equal weighting. This is to be expected 
because large capitalization firms are typically included in the 
ACSI. 

$For the definitions of the variables we use in Tables 1 and 2, 
refer to the Appendix. 
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long-term total debt to book value of assets for either port- 
folio is slightly above 30%. 

The portfolio ranking we report in this study is not nec- 
essarily in monotonic order. According to our two signals 
for customer satisfaction, Portfolios High and Low have 
consistent signals, whereas Portfolio 2 and 3 have conflict- 
ing signals. Therefore, whether customer satisfaction cre- 
ates excess shareholder wealth should be tested only on the 
difference between Portfolios High and Low. As we 
expected, Portfolio 2 (negative signal on level but positive 
signal on change) has a low national average-adjusted 
ACSI score. Conversely, Portfolio 3 (positive signal on level 
but negative signal on change) has an ACSI score of 1.06, 
which is slightly lower than Portfolio High. When we 
examine the descriptive statistics, such as sales, market 
value of equity, and financial leverage ratios of these two 
portfolios, in general, they are at par with their “High” or 
“Low” counterparts used in prior studies. Thus, our portfo- 
lios do not reflect radical departures from studies in the 
literature. 


Empirical Results 


Customer Satisfaction and Valuation Ratios 
Previous research on customer satisfaction has indicated a 
positive impact on firm value. In Table 1, we report two 
widely used accounting measures of profitability and three 
relative valuation ratios for the portfolios. The methodology 
used to calculate these values is the same used in the rest of 
Table 1; that is, the numbers reported are time-series aver- 
age values of cross-sectional median firm values. The 
results show that Portfolio High has a higher return than 
Portfolio Low on both the book value of assets (ROA) and 
the book value of equity (ROE). The annualized ROA on 
Portfolio High is 14.3%, whereas the annualized ROA on 
Portfolio Low is 10.1%. Similarly, ROE for Portfolios High 
and Low are 12.9% and 10.5%, respectively. 

Customer satisfaction has been shown to positively 
affect equity prices and relative valuation ratios, such as 
Tobin’s q and market-to-book ratio (Anderson, Fornell, and 
Mazvancheryl 2004; Ittner and Larker 1996). Table 1 
echoes this; the ratio of market to book value of asset 
(MBA) for Portfolio High is above 1.5, suggesting that 
roughly 35% of its market value lies in intangible assets. 
Conversely, only 13% of the value of assets lies in intangi- 
bles for Portfolio Low (MBA of 1.15). 

In relative valuation, the value of an asset is derived 
from the pricing of comparable assets, standardized using a 
common variable such as earnings. The price-to-earnings 
(PE) ratio, a measure of the earnings multiple of a stock, is 
one of the most widely used valuation multiples. Another 
widely used multiple is the ratio of market to book value of 
equity (MBE), with firms selling at a discount on book 
value being considered undervalued relative to comparable 





7Conclusions are insensitrve to the averaging technique. For 
example, we alternatively define a ratio for a portfolio as the 
aggregate value (i.e., sum[numerator]/sum[denominator]) across 
firms 1n each portfolio and then analyze a time-series average of 
these aggregate ratios. 


firms. A casual inspection of the MBE ratio for high- and 
low-satisfaction portfolios suggests that neither is selling at 
a discount to its book equity. However, an MBE ratio of 
almost 2.4 suggests that investors value Portfolio High 
more than Portfolio Low. A relatively higher PE ratio of 
18.3 versus 15.1 confirms this intuition. 

Higher measures of accounting profitability and market 
valuation ratios for Portfolio High in Table 1 are in accor- 
dance with prior research and hint at the positive relation- 
ship between customer satisfaction and shareholder wealth. 
However, they are for expositional purposes only and 
should be taken with caution. Strictly speaking, when 
employing such measures, we must either explicitly or 
implicitly control for differences across portfolios for fun- 
damental drivers of value: growth, risk, and timing of cash 
flows. In its simplest form, controlling for these differences 
can range from the naive method of using some sort of an 
average (e.g., industry averages) to sophisticated methods in 
which the relevant sources of differences are identified and 
controlled for directly. 

If, as is often stated, the value created by customer satis- 
faction is not capitalized by remaining off the balance sheet, 
the book value is understated by standard accounting princi- 
ples. Thus, a valuation ratio, such as the MBE, will be over- 
stated. As such, there are, for example, two ways of inter- 
preting the observation that Portfolio High has a higher 
MBE ratio than Portfolio Low. Assuming that the two port- 
folios are comparable to each other, one interpretation is 
that the difference in ratios identifies mispricing, suggesting 
that Portfolio High is indeed overvalued. The other is that 
the stock market realizes the value created by customer sat- 
isfaction and thus reflects this view in the market value of 
equity. However, without knowing the extent of the under- 
statement of the book value, identifying which of these 
interpretations is correct is not possible. For example, 
accounting profitability measures and valuation multiples 
for Portfolio 3 (high but decreasing customer satisfaction) 
are at par with the multiples for Portfolio High. Similarly, 
the relative valuation of Portfolio 2 resembles that of Port- 
folio Low. In the following section, we focus on stock 
returns to shareholders and directly account for risk using 
several models of expected returns widely used in practice. 


Customer Satisfaction and Stock Returns 


This article is at the junction of marketing theory and the 
branch of empirical corporate finance that is directed 
toward explaining how various decisions and events affect 
the value of existing corporate equity claims. As such, the 
focus of our research is on equity returns. The emphasis is 
on the role of security markets and the underlying security 
pricing process. 

The efficient markets hypothesis predicts that the mar- 
ket price at any given time is an unbiased estimate of the 
true value of the firm and that deviations of market price 
from the true value are random. A direct implication of the 
efficient markets hypothesis is that it is impossible to find 
under- or overvalued stocks consistently using any invest- 
ment strategy. However, a large body of empirical work 
shows that the market is slow to incorporate publicly avail- 
able information into equity prices. For example, over long 
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horizons, stock returns are negatively related to prior stock 
returns (De Bondt and Thaler 1985, 1987). In addition, 
stock returns are positively related to price-scaled indicators 
of fundamental value, such as the book-to-market ratio 
(e.g., Fama and French 1992; Lakonishok, Shleifer, and 
Vishny 1994). 

As an alternative, several behavioral models postulate 
that security prices are determined by both risk and expec- 
tational errors. In a review of behavioral finance models, 
Hirshleifer (2001) postulates that any mispricing is likely to 
be most pronounced in firms with a high degree of informa- 
tion asymmetry and when rational arbitrage is less likely to 
be effective. Daniel and Titman (2006) argue that investors 
misreact to intangible information but not to tangible infor- 
mation, such as accounting measures of prior performance. 
Furthermore, Yalgin (2008) shows that analyst coverage is 
more important among growth than value stocks, support- 
ing the view that investors are more prone to decision biases 
when it comes to pricing difficult-to-value growth stocks 
for which information is relatively more ambiguous. 

The evidence presented in the preceding section is in 
line with two recent articles that support the intuition that 
customer satisfaction should be considered an intangible 
asset that creates real economic value. Gruca and Rego 
(2005) find that customer satisfaction creates shareholder 


value by increasing future cash flow growth and reducing 
its variability, and Fornell and colleagues (2006) show that 
a portfolio of firms with high customer satisfaction outper- 
forms major stock indexes. 

Figure 1 illustrates the striking performance of Portfolio 
High compared with both the low-satisfaction portfolio and 
the overall market. An investment of $100 in Portfolio High 
at the beginning of December 1996 more than triples to 
$312 by August 2006. The average monthly return is 1.0896 
(almost 13% annualized), with a t-statistic of 2.66 (the stan- 
dard error for the average is corrected for autocorrelation in 
the monthly stock return series). Conversely, an investment 
of $100 in Portfolio Low decreases to $98 by the end of the 
investment horizon. The average return of Portfolio Low is 
an insignificant .15% per month. During the same period, 
$100 invested in the S&P 500 index grows to $205; a pas- 
sive investment strategy of holding the market index per- 
forms far better than Portfolio Low but returns significantly 
less than Portfolio High. Unlike the results on multiple val- 
uation ratios in Table 1, the figure clearly illustrates the 
superiority of Portfolio High over all the other three portfo- 
lios considered. The average monthly return for Portfolio 2 
is .99% (t-statistic = 1.91), and the average monthly return 
for Portfolio 3 is .63% (t-statistic = 1.57). As the figure 
shows, cumulative performance of Portfolios 2 and 3 along 


FIGURE 1 
Customer Satisfaction Portfolio Cumulative Returns Versus the S&P 500 Index Cumulative Retum 
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with the S&P 500 index falls well between Portfolio High 
and Portfolio Low. 


Risk-Adjusted Abnormal Portfolio Returns 


Do stocks of firms with high customer satisfaction perform 
better than expected? To address whether customer satisfac- 
tion truly creates shareholder value, the focus needs to be 
on excess (abnormal) returns. In general, a failure to control 
for overall market performance and risk leads to accepting 
high-risk investment strategies and rejecting low-risk ones 
because the former should produce higher returns than the 
market and the latter should produce lower returns than the 
market, without implying any abnormal returns. The ACSI 
itself is biased toward large capitalization stocks that make 
up a significant proportion of the overall market. Therefore, 
it is not surprising to observe portfolio strategies based on 
the ACSI sample of firms to covary significantly with the 
market. For example, prior studies have reported that the 
value in a portfolio of firms with high ACSI scores grew 
when the stock market grew and decreased, albeit with 
some degree of insulation, as the market dropped in value. 
Therefore, it is crucial that we judge the performance of our 
proposed portfolios by their risk-adjusted abnormal returns. 
In this section, we use three of the most widely used risk- 
based rational expectations models to control for risk and 
calculate abnormal returns. 

The capital asset pricing model (CAPM) predicts a 
positive linear relationship between an asset’s expected rate 
of return and its covariance risk with the market. To control 
for market risk, we run the following single-index market 
model regression using monthly portfolio returns over the 
full sample: 


а) Ry, — Re; = ар + mMKT, + epo 

where Ry, is the rate of return of portfolio p in month t, Rr, 
is the one-month risk-free interest rate, and МКТ, is the 
return on the overall market index (CRSP value-weighted 
NYSE/AMEX/NASDAQ index) in excess of the risk-free 
interest rate. Under the null hypothesis, there are no abnor- 
mal returns, and therefore, the intercept of Equation 1 
should be zero. 


Alternative Risk Models 


The Fama—French three-factor model. Fama and French 
(1996) argue that a three-factor model that incorporates size 
(SMB) and value (HML) risk factors as well as the market 
(MKT) factor can explain almost all pricing anomalies with 
the exception of momentum returns. The HML factor is the 
return difference on value (high book-to-market) and 
growth (low book-to-market) stocks. Thus, a “value stock” 
should have a positive exposure to HML, whereas a 
*growth stock” should have a negative exposure to it. Con- 
sequently, we repeat our abnormal return tests using 
Equation 2: 


(2) Rp- Ra = ap + m,MKT, + s,SMB, + hHML, + ерь 

where SMB, is the size factor, defined as the return differ- 
ential between portfolios of small and large market capital- 
ization stocks; HML, is the value factor, which equals the 
return difference between portfolios of stocks with high and 


low book-to-market ratios; and the rest are as defined previ- 
ously. The intercepts from these regressions can be inter- 
preted as abnormal portfolio returns relative to the Fama- 
French three-factor model. 


Carhart four-factor model. We also estimate the abnor- 
mal portfolio returns with the Carhart four-factor model, 
which includes a momentum factor as an additional risk 
factor:8 


(3) Ry — Вк = ар + m, MKT, + s:SMB,  hjHML, + u,UMD, 


+ ер 


where UMD, is the momentum factor, which is defined as 
the return difference between portfolios of past winners and 
losers. The intercepts from these regressions can be inter- 
preted as abnormal portfolio returns relative to the four- 
factor model. 

The coefficients other than the intercept (aj) in Equa- 
tions 1, 2, or 3 provide estimates of a portfolio's exposure to 
systematic risk factors. These coefficients indicate system- 
atic risk sensitivities similar to those of the broader market 
index when m, equals 1 and when 5р, hp, and up equal zero 
(Fama and French 2004). We correct the standard errors in 
the equations for heteroskedasticity and autocorrelation 
using Newey and West's (1987) procedure. 

Equations 1—3 can be viewed as predictive regressions, 
and the intercept term can be treated as a "forecast error" 
(i.e., the abnormal return beyond the return implied by the 
particular risk model). We control for the simultaneous 
arrival of information about systematic factors by including 
contemporaneous systematic risk factors, such as the mar- 
ket, size, book-to-market, and momentum factor returns. By 
forming portfolios on customer satisfaction scores, other 
firm-specific factors are reasonably diversified away, and 
we can concentrate on the impact of customer satisfaction 
on equity returns and, thus, on shareholder wealth. 
Although a firm could potentially be in all four portfolios 
over the period investigated, the resultant portfolios can be 
viewed as mutual funds with changing compositions but 
identities of their own. 

Table 2 shows average monthly portfolio excess returns 
(in excess of the risk-free rate) and abnormal returns using 
the market (CAPM) model, the Fama-French three-factor 
model, and the Carhart four-factor model. The results indi- 
cate that higher customer satisfaction leads to higher excess 
and abnormal returns. Portfolio High has an average excess 
return of .78% per month and an abnormal return anywhere 
from .4296 to .5696 per month, all statistically significant, 
indicating that the portfolio performs better than expected 
given its risk level. Conversely, Portfolio Low has a nega- 
tive, albeit marginally significant, abnormal return, suggest- 
ing that its average stock return is below what would be 
expected given its risk level. Moreover, Portfolios 2 and 3, 
which consist of firms with conflicting customer satisfac- 
tion signals, perform as expected. That is, abnormal returns 
on either portfolio using any of the risk-based models are 
statistically not different from zero. 





8Carhart (1997) shows the importance of momentum in 
expected return measures. 
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TABLE 2 
Customer Satisfaction Portfolios and Excess Returns Using Risk-Based Financial Models 








Fama—French Carhart 
Three-Factor Four-Factor 
CAPM Adjusted Model Adjusted Model Adjusted 
Excess Returns Excess Returns Excess Returns Excess Retums 
Portfolio Average t-Statistic Alpha t-Statistic Alpha t-Statistic Alpha t-Statlstic 
High .0078 1.95** .0042 1.75" .0056 2.92*** .0050 2.49*** 
2 .0070 1.35 .0031 .70 .0000 .00 —.0001 —.02 
3 .0034 .85 .0008 .23 —.0012, —.45 —.0007 —.26 
Low —.0014 —.27 —.0057 —1.62* —.0061 —1.70* —.0037 —1.19 
High-Low .0092 2.30** .0099 2.71** .0117 2.74*** .0088 2.22** 
*p < 10 
“p< .05 
“ар < .01 


А zero net investment portfolio (High-Low) is formed 
by buying stocks in Portfolio High and short selling those in 
Portfolio Low. This portfolio has an average monthly excess 
return of .92%. The portfolio performs exceptionally well, 
with a significantly positive monthly abnormal return rang- 
ing from .8896 to 1.1796 (11%—14% annualized). 

Table 3 summarizes risk parameter estimates associated 
with the various risk factors in the Carhart four-factor 
model. The results show that the model explains a signifi- 
cant portion of the portfolios' risk (as reported by adjusted 
R2). For example, 76% of the total volatility of the high- 
satisfaction portfolio is due to the four systematic risk fac- 
tors identified in the Carhart model. On average, both Port- 
folio High and Portfolio 3 are less risky than the overall 
market (market factor, my < 1), Portfolio Low is equal in 
risk to the overall market (m, = .998), and Portfolio 2 is 
more risky than the market (m, = 1.143). In addition, all 
four portfolios load negatively on SMB (size factor), sug- 
gesting that these are indeed large capitalization stock port- 
folios. Neither the high-satisfaction nor the low-satisfaction 
portfolio loads significantly on HML (book-to-market fac- 


tor), suggesting that these portfolios are similar to “aver- 
age" stocks, which can be classified neither as value nor as 
growth. Conversely, Portfolios 2 and 3 are similar to value 
stocks and load positively on HML. The main difference 
between Portfolios High and Low is the way they load on 
the momentum risk factor (UMD). Portfolio High has a 
marginally positive exposure to UMD, whereas Portfolio 
Low loads significantly negatively on it, suggesting that 
Portfolio Low is out of favor among investors. 

The Carhart four-factor model explains only 15.596 of 
the total variation in Portfolio High-Low returns. Even after 
we account for four different risk factors, there is an abnor- 
mal (risk-adjusted) .88% per month return (a significant 
10.56% per year). The only risk factor that is significant in 
this portfolio is UMD, suggesting that there is a significant 
momentum effect present in stock returns of this hedge 
portfolio. In summary, our results provide strong evidence 
that high and increasing customer satisfaction leads to 
abnormally high stock returns, indicating that the stock 
market is slow to recognize the full extent of the intangible 
value created. 


TABLE 3 
Customer Satisfaction Portfolio Risk Estimates Using the Carhart Four-Factor Model 
MKT SMB HML UMD Adjusted 
Portfolio Alpha Beta, m Beta, s Beta, h Beta, и R2 
—— р 
High Estimate .0050 .855 —.352 —.068 .059 .761 
t-statistic 2.49** 14.66** —6.75** —.89 1.64 
2 Estimate —.0001 1.143 —.264 ‚500 .008 .547 
t-statistic —.02 9.34** —2.10* 2.36* .08 
3 Estimate —.0007 ‚771 —.249 .337 —.048 .604 
t-statistic —.26 9.95** —3.35** 3.77™ —1.18 
Low Estimate —.0037 .998 —.290 .112 —.232 .689 
t-statistic —1.19 12.65** —3.32** .90 —3.18** 
High-Low Estimate .0088 —.143 —.062 —.180 ‚290 .155 
t-statistic 2.22* —1.37 —70 —1.25 3.45** 
*p < .05 
мр « 01. 
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Robustness Tests 


In addition to employing multiple models to control for sys- 
tematic risk factors, we examine three other areas to verify 
the robustness of our results. First, economic activity can 
affect company valuations through changes such as interest 
rates and earnings growth. Second, outliers may largely 
influence portfolio returns. Third, the start and end dates for 
our portfolios' creation may produce results that are due to 
luck of the draw. We discuss the effect of these three issues 
in this section. 


Economic Activity, Customer Satisfaction, and 
Stock Returns 


Information about the state of the economy and the level of 
interest rates affects company valuations. For example, a 
weakening of the economy can negatively impact earnings 
growth, though the effect is likely to be largest for cyclical 
firms. However, firms with a highly satisfied customer base 
will likely realize higher revenues from repeat purchase and 
cross-selling when the economy is expanding. In addition, 
to a certain extent, such firms might be insulated from the 
negative effects of an economic downturn. 


Figure 2 plots the monthly series of Portfolio High-Low 
returns from December 1996 to August 2006. As we 
reported previously, the average is positive overall, but the 
time-series variation of the portfolio return is volatile. Some 
months have large positive returns, and some have large 
negative returns. On the same graph (right-hand-side 
y-axis), we plot the Chicago Federal Reserve Bank three- 
month moving average National Activity Index (NAD, 
lagged by one month. The NAI is a monthly index of a 
weighted average of 85 indicators of national economic 
activity. A negative value for the index indicates that the 
national economy is growing below average, and a positive 
value indicates that the national economy is growing above 
average Month-to-month movements of the NAI can be 
volatile, so the index's three-month moving average pro- 
vides a more consistent picture of national economic 
growth. 





9For more information on the NAI, see the Web page of the Fed- 
eral Reserve Bank of Chicago at http://www.chicagofed.org/ 
economic, research, and, data/cfnai.cfm. 


FIGURE 2 
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To test the performance of the portfolios across different 
states of the economy, we divide the time-series observa- 
tions into two according to whether the (lagged) three- 
month moving average NAI is positive (economy expand- 
ing above average) or negative (economy expanding below 
average). There are 44 months in which the index is nega- 
tive and 73 months in which the index is positive. Table 4 
shows average monthly excess returns and abnormal returns 
and risk parameter estimates using the Carhart four-factor 
model.!? Unlike in Table 3, Table 4 corrects for het- 





10The CAPM and the Fama-French three-factor model yield 
similar conclusions and thus, for the sake of brevity, are omitted 
here. However, these results are available on request. 


eroskedasticity only for the reported t-statistics because the 
monthly series we have in either subsample do not need to 
be contiguous. 

Panel A in Table 4 shows that Portfolio Low registers a 
greater loss in value than Portfolio High following months 
of below-average economic growth. However, the differ- 
ence in performance between the two is insignificant. The 
average excess returns and abnormal returns of Portfolios 
High and Low are practically zero in this subsample. There 
is also no difference in the risk parameter estimates across 
these two portfolios in the below-average economic growth 
sample. 

A casual inspection of Figure 2 suggests that, on aver- 
age, Portfolio High-Low return is positive following 
months of above-average economic growth and negative 


TABLE 4 
Customer Satisfaction Portfollos, Excess Returns, and Risk Estimates Based on the Level of National 
Economic Activity 


Te eee 


A: Low Economic Activity = 
Carhart Four-Factor Mode! Estimates 


Excess MKT SMB HML UMD Adjusted 

Portfollo Returns Alpha Beta, m Beta, s Beta, Пр Beta, u R2 

— рр р Ер Мм 

High Estimate —.0066 .0010 .765 —.222 —.049 .044 792 
t-statistic —94 .28 10.14*** —2.31** —.34 .62 

2 Estimate —.0048 —.0031 1.219 —.396 .630 .056 .536 
t-statistic —.45 —30 5.09*** –1.23 2.02** .40 

3 Estimate .0010 .0029 621 —.348 „394 —.148 575 
t-statistic 15 .54 4.75*** —2.24** 2.60** –2.32“ 

Low Estlmate —.0083 .0023 .888 .068 —.262 —.080 .719 
t-statistlc —.75 .26 6.20 .27 —1.22 —.89 

High-Low Estimate .0017 —.0013 —.122 —.290 .213 .123 .205 
t-statistic .23 —13 —.69 —1.09 .78 1.02 


В: High Economic Activity 


Carhart Four-Factor Model Estimates 
————— MÁ————————M—MÓÁ e s 


Excess MKT SMB HML UMD Adjusted 

Portfolio Returns Alpha Beta, m Beta, 8, Beta, h Beta, u R2 

— к_»____р __ор --ор Oe 

High Estimate .0165 .0058 .925 —.388 —.110 .034 .716 
t-statistic 3.35*** 1.78* 8.61*** —4.77*** —74 41 

2 Estimate 0141 .0036 1.140 —.174 .212 —.288 .558 
t-statistic 2.20" 79 7.81*** —.99 1.16 —1.55 

3 Estimate .0049 —.0048 .967 —.258 .185 —.142 „691 
t-etatistlc .98 —1.64* 11.25*** —2.46** 1.26 —1.70* 

Low Estimate .0028 —.0081 1.084 —.340 .389 —.138 .749 
t-statistic .49 —248"* 12.24*** —4.54*** 3.53*** —1.36 

High-Low Estlmate .0138 .0139 —.158 —.048 —.500 .172 .219 
t-statistic 2.89*** 2.73*** —1.06 —42 —2.60** 1.26 

*p«.10 

“p< .05. 

мр < .01. 
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following months of below-average growth. Panel B of 
Table 4 verifies this; the average excess return of Portfolio 
High-Low is 1.38% (t-statistic = 2.89), and the Carhart 
four-factor model abnormal return is 1.39% (t-statistic = 
2.73) per month. Portfolio High’s average excess return is 
significantly larger than that of Portfolio Low following 
months of above-average economic growth. The only risk 
factor loading that is statistically significant for Portfolio 
High-Low is the book-to-market factor; a highly negative 
factor loading on HML indicates that Portfolio High-Low 
behaves like a typical growth firm following months of eco- 
nomic expansion. 

The results in this section give more credence to the 
positive relationship between customer satisfaction and 
shareholder wealth. Firms with high and increasing cus- 
tomer satisfaction can indeed leverage this resource to pro- 
vide larger returns to shareholders in periods of economic 
expansion. In addition, there is some weak evidence that 
indicates that the intangible value of having highly satisfied 
customers might dampen the negative impact of an overall 
economic downturn. 


The Impact of Outliers on Portfolio Returns 


Figure 2 shows that month-to-month movements in Port- 
folio High-Low can be volatile. Note that each of 39 port- 


folio formation dates in our analysis is followed by a three- 
month tracking period, resulting in 117 test months overall. 
To ensure that the results documented previously are not 
colored by the idiosyncrasies of outliers, we compare the 
average three-month return in each tracking period with the 
average on the S&P 500 index in Figure 3. Because the 
monthly series are volatile, the three-month average pro- 
vides a more consistent picture of performance. Figure 3 
shows that of the 39 cases, only 10 are negative. Although 
there are some large negative returns of Portfolio High- 
Low, the frequency of occurrence of such events is not sig- 
nificantly larger than the occurrence of large negative 
returns in the S&P 500 index. 


Alternative Start and End Dates 


The start and end dates of our portfolios under discussion 
were determined by the date the ACSI was formed and the 
time we started writing this article. А knowledgeable 
investor may claim that these dates are arbitrary or based on 
convenience. Such an investor might wonder what would 
happen if he or she chose different start and end dates and 
then followed our method in creating portfolios. For exam- 
ple, if this investor started on January 1999 and needed to 
withdraw funds on December 2002, would he or she still be 
best served to invest in Portfolio High? 


FIGURE 3 
High-Low Customer Satisfaction Portfolio Average Three-Month Returns Versus the S&P 500 Index 
Average Retums 
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Indeed, personal interviews we conducted with senior 
executives at one of the largest institutional securities firms 
confirmed the skepticism of the institutional research com- 
munity toward findings regarding stock performance that 
have not undergone rigorous testing of multiple start-end 
dates (referred to in the industry as "backtesting"). Ben- 
Ami Gradwohl, managing director at the ModelWare divi- 
sion of Morgan Stanley, stresses the imperative of backtest- 
ing, stating, "The investment community is awash with 
investment ideas that may initially appear sensible, but turn 
out to rely on false premises or a deficient implementation. 
Only a rigorous and realistic backtest of the investment 
hypothesis, which should include periods of adverse invest- 
ment environments, may provide some confidence in the 
potential performance of the investment process. Finally, a 
detailed performance and risk attribution analysis is critical 
to identifying the degree of insight in the specific invest- 
ment hypothesis" (Gradwohl 2007). 

To investigate such questions, we calculated the returns 
of each portfolio and the S&P 500 for various holding peri- 
ods from a one-quarter minimum holding period (Table 5, 
Panel А) to a seven-year minimum holding period (Table 5, 
Panel F). Holding period refers to the minimum amount of 
time between the start and the end dates. A one-quarter 
minimum holding period produces 1653 possible start-end 
date combinations, and a seven-year holding period pro- 
duces only 144 possible start-end date combinations. At the 
end of each end date, each portfolio is assigned a finishing 
position from first to fifth place. First place indicates that it 
produced the highest returns for its given start-end date 
combination, and fifth place indicates that it produced the 
lowest returns. Each panel in Table 5 also shows each port- 
folio method's sum of growth. Sum of growth refers to the 
sum of returns for all possible start-end dates per minimum 
holding period. 

These six panels in Table 5 show that Portfolio High 
outperforms Portfolio 3, Portfolio Low, and the S&P 500 in 
terms of average wins, average finishing position, and sum 
of growth for all six minimum holding lengths. The only 
question is whether Portfolio High performed better than 
Portfolio 2. At first glance, it appears that these two portfo- 
lios are equal in performance. Portfolio 2 may even hold a 
slight edge in performance. However, Portfolio 2 has a 
much greater chance of finishing in fourth or fifth place 
than Portfolio High. In addition, the average returns for 
Portfolio High are greater than Portfolio 2 (i.e., the sum of 
growth for Portfolio High is much greater than that for Port- 
folio 2). The final reason to choose Portfolio High is that its 
market beta (see Table 3) is much lower than that of Port- 
folio 2. In other words, if an investor is not convinced that 
Portfolio High outperforms Portfolio 2, he or she should 
feel comfortable that the same returns will be achieved with 
Portfolio High as with Portfolio 2, but with much less risk. 


Conclusions, Limitations, and 
Further Research 
In line with prior studies, the results of this research indi- 
cate that customer satisfaction is a valuable intangible asset 
that generates positive returns. We show that investing in a 
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portfolio of firms with high and increasing customer satis- 
faction is far superior to investing in a portfolio of firms 
with low and decreasing customer satisfaction. Further- 
more, it also beats the S&P 500 index. 

It is known that riskier portfolio strategies are accompa- 
nied by potential higher returns. Thus, whenever returns are 
examined, a risk adjustment is necessary. The CAPM, the 
Fama-French three-factor model, and the Carhart four- 
factor model all adjust for various risk factors. The results 
indicate no significant differences between portfolios in 
terms of their exposure to risk factors, such as market size 
or book-to-market. The only risk factor that turns out to be 
significant is momentum (winner/loser effect). High- 
customer-satisfaction portfolios tend to have more in-favor 
Stocks, and low-customer-satisfaction portfolios tend to 
have more out-of-favor stocks. Thus, any future analysis in 
this domain needs to incorporate this risk factor in the 
analysis. Nonetheless, even after we adjust for relevant risk 
factors, the results indicate a positive risk-adjusted return 
for high customer satisfaction. 

Another issue is the timing of the reaction of Wall Street 
to the release of customer satisfaction information. Fornell 
and colleagues (2006) test the ability of customer satisfac- 
tion to generate excess returns by conducting an event study 
that examines stock market reactions to announcements of 
customer satisfaction information immediately after the 
announcement. They find that companies that are better 
than their competitors in terms of satisfying customers gen- 
erate superior returns at lower systematic risk. However, 
news about changes in customer satisfaction was not found 
to have an immediate impact on stock prices. This could 
potentially be due to several reasons: (1) The market 
already expects satisfaction information, and thus there is 
no "surprise" factor from the announcement and, therefore, 
no reaction, or (2) customer satisfaction is a new concept 
for analysts, and thus the market is slow to respond. Our 
results indicate that the intangible value created by high 
customer satisfaction is more likely to be undervalued by 
Wall Street. The risk-adjusted abnormal returns we docu- 
ment indicate that the market initially undervalues positive 
customer satisfaction information but adjusts over time. 

These results have important implications for research 
analysts and portfolio managers alike. Customer satisfac- 
tion is found to have an important influence on firm value 
and thus can be used actively in portfolio strategies to gen- 
erate superior returns. Forming portfolios on the basis of 
satisfaction data, especially when such data are publicly 
available, has the potential to generate valuable excess 
returns. 

Marketing is frequently criticized for its inability to 
quantify its added value to business. Because of the more 
intangible nature of marketing and difficulty in terms of 
quantifying its impact, expenditures on improving the cus- 
tomers' experience are sometimes considered unnecessary 
or even useless. However, this research clearly demon- 
strates the superior returns to shareholders that investments 
in customer satisfaction can provide. 

A limitation of this research is the reliance on the pub- 
licly available ACSI data, which tend to include only larger 
firms. It is not clear whether the relationships documented 


Portfolio — 5th Place  4thPlace  3rdPlace 2ndPlace stPlace Average %\Лпв Sum of Growth 
High 32 141 398 509 573 2.12 34.66% 595.67 
2 165 95 204 576 613 2.17 37.08% 506.00 
3 265 480 374 247 287 3.11 17.36% 235.74 
Low 1103 192 113 96 149 4.21 9.01% —221.67 
S&P 500 88 745 564 225 31 3.38 1.8896 213.00 

B: May Sell After 12 Perlods (1 Year, n = 1404) 
Portfolio — 5th Place 4th Place  3rdPlace 2nd Place _ 181 Place Average %Wins Sum of Growth 
High 19 78 344 446 517 2.03 36.82% 579.58 
2 114 65 160 535 530 2.07 37.75% 491.59 
3 208 411 339 206 240 3.10 17.09% 227.38 
Low 993 160 88 66 97 4.34 6.91% —221.58 
S&P 500 70 690 473 151 20 3.46 1.4296 203.34 

C: May Sell After 24 Periods (2 Years, n = 1104) 
Portfollo — 5th Place 4th Расе 3rdPlace — 2ndPlace 18 Place Average 96€ Wins бит of Growth 
High 5 44 276 351 428 1.96 38.77% 523.21 
2 59 32 125 469 419 1.95 37.95% 446.67 
3 135 322 ` 306 146 195 3.05 17.6696 203.99 
Low 842 107 49 49 57 4.47 5.16% ~217.09 
S&P 500 63 599 348 89 5 3.57 45% 174.31 

D: May Sell After 36 Periods (3 Years, n = 840) 
Portfollo 5th Place — 4th Place зга Расе  2ndPlace istPlace Average %Wins Sum of Growth 
High 0 21 199 252 368 1.85 43.8196 440.27 
2 22 18 81 396 323 1.83 38.45% 379.07 
3 73 239 280 124 124 3.02 14.76% 175.85 
Low 698 56 30 32 24 4.63 2.86% —202.00 
S&P 500 47 506 250 36 1 3.67 12% 135.62 

E: May Sell After 60 Periods (5 Years, n = 420) 
Portfolio 5th Place 4th Place 3rd Place 2nd Place 181 Place Average % Wins Sum of Growth 
High 0 2 57 137 224 1.61 53.33% 301.31 
2 0 2 37 195 186 1.65 44.29% 257.42 
3 6 147 172 87 8 3.13 1.90% 118.06 
Low 403 10 4 1 2 4.93 48% —128.69 
S&P 500 11 259 150 0 0 3.67 .0096 95.03 

F: May Sell After 84 Perlods (7 Years, n = 144) ; 
istPlace 5th Place 4th Place 3rd Place 2nd Place 181 Расе Average % Wins Sum of Growth 
High 0 0 0 34 110 1.24 76.39% 175.82 
2 0 0 8 102 34 1.82 23.61% 141.18 
3 0 98 38 8 0 3.63 .00% 61.49 
Low 144 0 0 0 0 5.00 .00% —89.54 
S&P 500 0 46 98 0 0 3.32 0096 87.75 


Customer Satisfaction Portfollo Returns Using Alternative Holding Perlods 


TABLE 5 


A: May Sell After 3 Perlods (1 Quarter, n = 1653) 


in this study would be similar for non-ACSI companies 
(especially those that are smaller in scale). The ACSI 
reports an "All Others" score for every industry, which is an 


aggregate of a representative number of customer inter- 
views from each of potentially hundreds of smaller compa- 
nies within the industry. However, individual company 
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scores within the All Others category cannot be derived 
without additional data collection. Furthermore, investiga- 
tion could be undertaken to examine the reasons underlying 
a Jack of immediate stock market reaction to the announce- 
ment of customer satisfaction data. For example, alternative 
ways of measuring the "expected" satisfaction data could 
be used to measure the impact of customer satisfaction 
announcements. 

Nonetheless, we believe that these results present com- 
pelling evidence of the importance of intangible assets—in 
particular, customer satisfaction—to the market valuation of 
firms. Furthermore, these results indicate a need to incorpo- 
rate customer satisfaction information into financial models 
designed to guide investment strategies. 


Appendix 
Data Construction and Quarterly 
COMPUSTAT Data Items 


We use balance sheet (BS), income statement (IS), and 
statement of cash flows (SCF) data items from the S&P's 
quarterly COMPUSTAT data set to build the numbers we 
report in Table 1. As we mix and match data items from 
these three sources of financial statements, a few notes are 
in order. For example, BS data items are snapshot figures 
for a firm at a given point in time. Conversely, IS data items 
are for a specific fiscal quarter. Finally, the SCF data items 
are year-to-date figures at the end of a given fiscal quarter. 
We first difference the SCF data items used to calculate val- 
ues relevant for a given fiscal quarter. Then, to negate the 
effects of possible seasonality in financial statements, we 
cumulate IS and differenced SCF items at the end of a given 
fiscal quarter over the last four fiscal quarters. No such 
adjustment is needed for BS data items. Specifically, we 
define the items reported in Table 1 as follows: An item 
number stands for S&P's COMPUSTAT quarterly data item 
numbers, which we define subsequently. “Cumulative” 


denotes that the data item used is either an IS or a differ- 
enced SCF item: 


*Sales = net sales, defined as (Cumulative Item 2); 

*Market Value = market value of equity at the end of a fiscal 
quarter, defined as (Item 14 x Item 61); 

Leverage = total debt scaled by the book value of assets, 
defined as (Item 45 + Item 51 + Item 55)/(Item 44); 

*ROA = return on assets, or operating income before deprecia- 
tion scaled by the book value of assets, defined as (Cumula- 
tive Item 21)/(Item 44); 

*ROE - return on equity, or income before extraordinary items 
scaled by the book value of equity, defined as (Cumulative 
Item 25) (Item 52 + Item 59 — Item 55); 


*MBA = the ratio of market to book value of assets (as a proxy 
for Tobin's д), defined as [Item 44 — (Item 52 + Item 59 — 
Item 55) + Item 14 x Item 61y/(Item 44); 


*MBE - the ratio of market to book value of equity, defined as 
(Item 14 x Item 61у ет 52 + Item 59 — Item 55); and 


*PE = the price-to-earnings ratio, defined as (Item 14 x Item 
61y (Cumulative Item 25). 


The following is a list of specific quarterly COMPUSTAT 
data items: 


Item 2 — sales (net) (in millions of dollars), 
Item 14 = price — close — third month of fiscal quarter (in dol- 
lars and cents), 
Item 21 = operating income before depreciation (in millions 
of dollars), 


Item 25 = income before extraordinary items — available for 
common (in millions of dollars), 


Item 44 — assets — total (in millions of dollars), 
Item 45 = debt in current liabilities (in millions of dollars), 
Item 51 = long-term debt — total (in millions of dollars), 


Item 52 = deferred taxes and investment tax credit (in millions 
of dollars), 


Item 55 = preferred stock — carrying value (in millions of 
dollars), 


Item 59 = common equity — total (in millions of dollars), and 
Item 61 = common shares outstanding in millions of dollars. 


——————————————————— 
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In business markets, the long-term nature of relationships may prompt parties to conduct "business as usual,” but 
negative critical incidents (Cis) can cause a destabilization of these long-term relationships. The authors develop а 
comprehensive dynamic model of customer loyalty to account for the impact of negative Cls on both the nature and 
the magnitude of the relationships between satisfaction and customer share. The results indicate that Cls trigger a 
stronger updating of the customer relationship, which moves customers from a business-as-usual mind-set to a 
reconsideration of the relationship. Furthermore, nonlinearities in the relationships are much more pronounced in 
the presence of Clis. Depending оп the relationship quality, Cls have different consequences for customer 
relationships, and if relationship quality is high, a negative Cl can even have a positive impact on customer share. 
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loyalty often appears weak or even absent (Narayandas 

2005) because mature, ongoing customer-supplier rela- 
tionships tend to be characterized by inertia that causes par- 
ties to conduct "business as usual" and, in essence, maintain 
the status quo. However, in some circumstances, long-term 
relationships can destabilize, especially when negative criti- 
cal incidents (CIs) occur. Negative Cls can be defined as 
out-of-the-ordinary events during an interaction that cus- 
tomers perceive or recall as unusually negative (Roos 
2002). Furthermore, a negative CI can trigger a decline in 
customer satisfaction and alter customer purchasing behav- 
ior (e.g., Bitner, Booms, and Tetreault 1990). In this 
research, we propose that negative CIs not only directly 
affect customer satisfaction and loyalty but also play a mod- 
erating role in the customer relationship, such that they 
intensify relationships between current satisfaction and loy- 
alty and thus move the relationship away from business as 
usual to a more active state.1 

Marketing literature has already subjected customer sat- 
isfaction and customer loyalty to extensive research. 


|: business markets, the link between satisfaction and 





Пл the remainder of this article, we study the effect of negative 
Сіз. Thus, when we use the term СТ, we imply a negative CI. 
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Whereas early studies devoted attention to the process of 
satisfaction formation (e.g., Oliver 1980), recent research 
has focused on the relationship between customer satisfac- 
tion and customer loyalty (e.g., Bolton and Lemon 1999; 
Cooil et al. 2007; Mittal, Kumar, and Tsiros 1999). In addi- 
tion to cross-sectional studies, research has begun to 
employ a longitudinal design to consider carryover effects 
in the relationships between satisfaction and loyalty (e.g., 
Mittal and Kamakura 2001) (see Table 1). Several cross- 
sectional and longitudinal studies have also conveyed an 
integrated view of the process of satisfaction formation and 
its relationship to customer loyalty (e.g., Bowman and 
Narayandas 2004; Mittal, Kumar, and Tsiros 1999). 

The impact of СІ in the context of satisfaction forma- 
tion and customer Joyalty has received some attention (for 
an overview, see Gremler 2004), but to date, many studies 
remain qualitative in nature and examine, for example, the 
categories of CIs that affect customers' (dis)satisfaction 
most (Bitner, Booms, and Tetreauit 1990; Kelley, Hoffman, 
and Davis 1993). Another group of studies links CIs and 
behavioral consequences (Gardial, Flint, and Woodruff 
1996; Keaveney 1995; Roos, Edvardsson, and Gustafsson 
2004), and a related literature stream in services marketing 
examines how recovering from a service failure affects sat- 
isfaction and loyalty intentions (Maxham and Netemeyer 
2002; Smith and Bolton 1998) or perceived justice (Smith, 
Bolton, and Wagner 1999). As we show in Table 1, most 
research оп CIs centers on their impacts on either satisfac- 
tion formation or customer loyalty. Therefore, as our first 
objective, we attempt to develop a comprehensive view of 
the role of CIs in the formation of service satisfaction and 
customer loyalty. We further strive to investigate how CIs 
affect the links between attribute and overall satisfaction 
and between overall satisfaction and customer loyalty. By 
taking an integrative view, we provide a complete picture of 
how negative CIs affect customer relationships. 

In addition, an ongoing debate centers on the role of CIs 
in customer relationships. Although ample theoretical evi- 
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TABLE 1 
Overview of Studles in Satlsfaction and Loyalty Literature 


Literature Stream Study Design Satisfaction Formation Satisfaction-Loyaity 
Satisfaction-loyalty Cross-sectional Churchill and Surprenant (1982) Agustin and Singh (2005) 
Literature studles Oliver (1980) 
Tse and Wilton (1988) 
Anderson and Sullivan (1993) 
Bowman and Narayandas (2004) 
Mittal, Ross, and Baldasare (1 998) 
Longitudinal Bolton and Drew (1991) Сооп et al. (2007) 
studies Johnson, Anderson, and Fornell (1995) Mittal and Kamakura (2001) 
Verhoef (2003) 
Bolton and Lemon (1999) 
Boulding et al. (1993) 
Mittal, Kumar, and Tsiros (1999) 

Impact of Cls Cross-sectional Bitner (1990) Keaveney (1995) 

studies Bitner, Booms, and Tetreault (1990) Roos, Edvardsson, and Gustafsson 

Kelley, Hoffman, and Davis (1993) (2004) 
Smith and Bolton (1998) 
Smith, Bolton, and Wagner (1999) 
Longitudinal! Bolton (1998) 
studies Gardlal, Flint, and Woodruff (1996) 


Gustafsson, Johnson, and Roos (2005) 
Maxham and Netemeyer (2002) 


This research 
дд 


dence suggests a moderating effect of CIs on customer rela- 
tionships, empirical evidence has been tenuous. Gustafsson, 
Johnson, and Roos (2005) find neither a significant direct 
effect of CIs on retention nor a moderating effect on the 
relationship between customer satisfaction and retention. In 
an investigation of the impact of service failures on rela- 
tionship duration, Bolton (1998) finds a positive moderating 
effect of unreported service failures on relationship dura- 
tion, which implies that unreported service failures prolong 
relationships. She argues that this counterintuitive finding 
may occur because customers who do not report failures 
may be more tolerant. In contrast, reported service failures 
have a negative but insignificant moderating effect on rela- 
tionship duration. 

The results of these studies notably diverge, which is 
surprising because both use the consumer telecommunica- 
tions market as their context. Thus, the potential moderating 
effect of CIs demands further investigation. In turn, our sec- 
ond objective is to examine the moderating effects of CIs in 
the context of customer relationships. In particular, we sus- 
pect that CIs may revive the customer relationship and 
enhance the link between current satisfaction evaluations 
and customer loyalty, thus reducing the inertia of a 
business-as-usual relationship state. For our research con- 
text, we choose business-to-business (B2B) services, which 
are more likely to be strongly affected by CIs than the con- 
sumer telecommunications market, in which CIs, though 
highly irritating, usually do not have major economic 
consequences. 
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Moreover, we posit that negative CIs might not only 
enhance the magnitude of the links between current satis- 
faction and loyalty but also affect their shape and induce 
nonlinearities in the relationships. Thus far, studies investi- 
gating nonlinearities in the context of customer satisfaction 
and loyalty have arrived at mixed results (Gupta and Zeit- 
haml 2006) and have assumed that nonlinear relationships 
occur for all customers (e.g., Agustin and Singh 2005; Mit- 
tal and Kamakura 2001). In contrast, we examine whether 
the occurrence and type of nonlinearities depend on the 
presence of CIs. We assume that CIs induce nonlinearities 
in a relationship that are not detectable (or may even differ) 
for customers who have not experienced a CI. Therefore, as 
8 third goal of our research, we investigate the extent to 
which negative CIs trigger nonlinearities and asymmetries 
in the relationships among attribute, overall service satisfac- 
tion, and customer loyalty. 

Finally, unlike most previous research on С, we use а 
dynamic approach that takes into account past evaluations 
of satisfaction and past loyalty. Thus, we explicitly 
acknowledge that CIs occur within an existing relationship 
and that the history of a relationship may influence the 
effect of CIs. This approach enables us to explore (using 
simulations) how CIs can affect relationships differently 
depending on the initial state of those relationships before 
the CI occurred. 

We organize the remainder of this article as follows: In 
the next section, we describe our conceptual model and 
deduce our hypotheses. Subsequently, we describe the 


design of our empirical study and discuss several basic 
descriptive statistics. We specify our econometric model 
and discuss the estimation results in the next two sections. 
We conclude with a discussion of our results, the research 
limitations, and avenues for further research. 


Conceptual! Model 


In Figure 1, we depict our conceptual model, in which cus- 
tomer share, which serves as a measure of customer loyalty, 
is influenced by its lag, current service satisfaction, and 
price satisfaction. Furthermore, we posit that current service 
satisfaction is affected by attribute evaluations and past ser- 
vice satisfaction and that current price satisfaction is influ- 
enced by past price satisfaction (Mittal, Kumar, and Tsiros 
1999). Because the links among attribute evaluations, satis- 
faction, and customer share are well established (e.g., Bow- 
man and Narayandas 2004; Mittal, Kumar, and Tsiros 
1999), we do not put forth specific hypotheses. Likewise, 
previous literature has documented carryover effects within 
these constructs (e.g., Johnson, Herrmann, and Huber 
2006). Following the literature, we assume positive links 
between attribute satisfaction and past and current overall 
service satisfaction (Mittal, Kumar, and Tsiros 1999), as 
well as between past and current price satisfaction. We also 


expect current service satisfaction, price satisfaction, and— 
because of inertia effects (Rust, Lemon, and Zeithaml 2004; 
Verhoef 2003)— past customer share to have positive 
impacts on current customer share. We allow the magnitude 
and the nature of the relationships to differ across customers 
who have experienced a CI and those who have not. 
According to prior literature, both the occurrence of a 
service failure and the quality of subsequent service recov- 
ery have strong impacts on customer relationships (e.g., 
Smith and Bolton 1998). Therefore, we include service 
recovery as a determinant of service satisfaction and cus- 
tomer share in our model. In line with prior literature, we 
assume that satisfaction with the service recovery has a 
positive effect on both service satisfaction and customer 
share for customers who have experienced a CI (Maxham 
and Netemeyer 2002; Smith, Bolton, and Wagner 1999). 
Because this relationship is well established, we do not 
include explicit hypotheses regarding service recovery 
effects. Furthermore, in the course of ongoing service rela- 
tionships, customers may experience not just one but multi- 
ple CIs. Prior research has suggested that multiple CIs can 
lead to less favorable evaluations of the customer relation- 
ship and different outcomes than when only one CI occurs 
(Maxham and Netemeyer 2002). Thus, we account for the 
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occurrence of multiple CIs in our conceptual model and 
expect that multiple CIs lower both the level of satisfaction 
and customer share. 


Hypotheses 


Satisfaction Formation 

Impact of lagged on current service satisfaction. In the 
context of an ongoing buyer-supplier relationship, service 
satisfaction represents a cumulative construct that reflects 
the customer's overall evaluation of the service provider, as 
opposed to transactional satisfaction that reflects an evalua- 
tion of a single service encounter (Bolton 1998). Therefore, 
overall service satisfaction incorporates a customer's past 
and recent experiences with the service provider and can be 
described according to the general anchoring-and- 
adjustment model, as specified by Hogarth and Einhorn 
(1992). Current opinion, which serves as an anchor, adjusts 
on the basis of successive experiences. In the context of 
customer satisfaction, this model implies that past satisfac- 
tion evaluations get updated through current experiences 
(Bolton 1998), which can be captured in recent measures of 
attribute satisfaction. Therefore, we arrive at the following: 


L 
(1) servsat, = Ф х servsat, _ | + V оу x айва, + £t; 
1=1 


where servsat, is service satisfaction at t and attsat, is satis- 
faction with the attribute / at t. 

When CIs occur, they can have two effects according to 
this model. On the one hand, they could lead to lower satis- 
faction ratings on the attribute level. On the other hand, they 


could affect the adjustment weights and œ; and determine | 


how strongly customers weight current information com- 
pared with previous information. 

We base our considerations regarding the adjustment 
weights on Fiske and Neuberg's (1990) continuum model of 
impression formation, in which they distinguish between 
conceptually driven top-down processes that are largely 
guided by attitudes and stereotypes and data-driven bottom- 
up processes, in which impression formation is based on 
attributes. They conceptualize these two processing mecha- 
nisms not as mutually exclusive but rather as endpoints of a 
continuum (Fiske and Neuberg 1990; Kunda and Thagard 
1996). Transferred to our context, in both the presence and 
the absence of Cls, current service satisfaction should be 
guided by attribute satisfaction and previous evaluations, 
but the occurrence of CI might affect the weights of both 
pieces of information. 

We propose that if no CIs occur, the updating process is 
less pronounced, more attitude-based, and more reliant on 
past service satisfaction as the strongest influence on cur- 
rent satisfaction. If CIs occur, more data-driven processing 
results because, in most cases, CIs will be connected to one 
or several attributes relevant for the evaluation and thus will 
increase attribute accessibility and facilitate attribute 
retrieval. In these circumstances, more attribute-based pro- 
cessing is likely (Mantel and Kardes 1999; Sanbonmatsu 
and Fazio 1990). Evaluations should be guided more by the 


126 / Journal of Marketing, July 2008 


new data and less by past experience; in turn, a stronger 
update of overall service satisfaction should occur. Thus, in 
reference to Equation 1, we posit that ф will be smaller for 
customers who experience a CI than for those who do not. 


Hia: Lagged service satisfaction has a weaker impact on cur- 
rent service satisfaction for customers who experience a 
negative CI than for customers who do not experience a 
CL 


Nonlinear impact of lagged on current service satisfac- 
tion. Prior customer satisfaction literature has acknowl- 
edged potential nonlinear relationships (e.g., Anderson and 
Mittal 2000). To the best of our knowledge, such nonlinear 
relationships in the link between past and current evalua- 
tions of service satisfaction have not yet been investigated. 
However, the many studies that find nonlinear effects in the 
context of customer satisfaction formation have indicated 
that this relationship may display nonlinearities as well. In 
particular, we posit that the presence and nature of these 
nonlinear effects may depend on the occurrence of a CI. A 
negative CI provides strong negative cues that should alter 
satisfaction evaluations considerably and lead to lower 
attribute and overall service satisfaction levels. However, 
previous research in the domain of impression formation 
has suggested that people are reluctant to alter their atti- 
tudes completely. Defensive processing resulting from the 
desire to confirm a preferred position can lead people to 
discount negative information and weight it less heavily 
than positive information (Ahluwalia 2002; Kunda 1990). 
Therefore, previous impressions or attitudes can be resistant 
to change, even in the presence of a negative cue. 

In the context of customer satisfaction, defensive pro- 
cessing implies that customers with a high level of service 
satisfaction who experience a negative CI may discount the 
negative information and attach more weight to their previ- 
ously held positive overall attitudes. When a CI occurs, 
higher satisfaction ratings should have a stronger tendency 
to carry over to the next period than lower ratings; in other 
words, we expect a positive asymmetry. 


Hy: For customers who experience a negative CI, higher past 
service satisfaction ratings have a stronger impact on cur- 
rent service satisfaction than lower ratings. 


In the absence of a CI, the updating process should be 
much less pronounced, and the theoretical considerations of 
the nature of the lagged relationships likely will not apply. 
Therefore, we must seek other rationales for the nature of 
the relationships in the absence of a CI. On the one hand, 
the relationship between past and current service satisfac- 
tion might be straightforward and linear. On the other hand, 
negative or positive past evaluations may have a stronger 
impact on current satisfaction. Prospect theory, which posits 
that losses loom larger than gains, would suggest a negative 
asymmetry, that is, a greater impact of less favorable satis- 
faction evaluations (Kahnemann and Tversky 1979; Mittal, 
Ross, and Baldasare 1998). The so-called negativity effect 
also offers theoretical grounds for negative asymmetry 
because it argues that negative information stands out and is 
weighted more heavily than positive information (Fiske 


1980; Kanouse and Hanson 1972; Mittal, Ross, and Bal- 
dasare 1998; Peeters and Czapinski 1990). 

However, positive past satisfaction scores conceivably 
might exert a greater influence on customer satisfaction as 
well. Theoretically, this claim is grounded in the general 
positivity bias (Anderson 1998; Whitney 1971). Such an 
effect is especially likely in highly individualized service 
settings, in which customers anticipate and accept greater 
variability in service levels (Folkes and Patrick 2003). 

Thus, from a theoretical point of view, the nature of the 
lagged relationships in the absence of a CI is difficult to 
predict. Therefore, we do not put forth specific hypotheses 
but rather test for nonlinearities in the relationships in our 
empirical model. 


Impact of service attributes on service satisfaction. In 
the next step, we investigate the magnitude and nature of 
the impact of attribute satisfaction on service satisfaction. 
As we noted previously, we expect a CI to induce stronger 
updates of the otherwise cumulative construct of overall 
service satisfaction than a situation without a CI. In turn, 
current evaluations of the attributes should become more 
salient for overall service satisfaction ratings. Thus, we 
assume that оу (see Equation 1) is greater for the group of 
customers who experience CIs than for those who do not. 


Нә: Current attribute satisfaction has a stronger impact on 
current service satisfaction for customers who experience 
a negative CI than for customers who do not experience a 
CI. 


Nonlinear impact of service attributes on service satis- 
faction. Next, we investigate the nonlinearities in the link 
between attribute satisfaction and overall service satisfac- 
tion. In Table 2, we provide an overview of studies pertain- 
ing to these nonlinear relationships and distinguish between 
(1) studies that investigate nonlinearities in the attribute 
satisfaction—overall customer satisfaction link and (2) stud- 
ies that investigate nonlinearities in the overall satisfaction 
customer loyalty link. 

Regarding the relationship between attribute satisfaction 
and overall customer satisfaction, the majority of the 
empirical evidence points to a negative asymmetry, which 
implies that negative attribute scores exert a stronger influ- 
ence on overall satisfaction than positive ones. Because we 
assume a strong impact of current attribute satisfaction in 
the presence of а CI, we transfer the findings of cross- 
sectional studies in previous literature to relationships in the 
presence of a CI. For customers who experience a CI, we 
assume a negative asymmetry in the link between attribute 
satisfaction and overall service satisfaction. Theoretically, 
we base this rationale on prospect theory (Kahnemann and 
Tversky 1979) and the negativity effect (Peeters and Czap- 
inski 1990). 

Hay: For customers who experience a negative СТ, lower rat- 


ings of current attribute satisfaction have a stronger 
impact on current service satisfaction than higher ratings. 


The nature of this effect for customers who do not 
experience CI is not clear. On the basis of prior literature 
that assumes no moderating effect of CI, we might expect a 


negative asymmetry. However, in the absence of a CI, we 
expect updating to be less prominent and current attribute 
evaluations to be less important for overall service satisfac- 
tion. As a consequence, nonlinear effects might be less 
likely. Therefore, we do not specify a hypothesis about the 
nature of this relationship but rather examine the presence 
and nature of nonlinearities in our empirical analysis. 


Price satisfaction. Existing literature contains evidence 
that the evaluation of the economic costs and benefits of a 
service has a distinct impact on customer behavior (Bolton 
and Lemon 1999; Bolton, Lemon, and Verhoef 2008). 
Therefore, we include the construct of price satisfaction, 
which reflects a customer's evaluation of the economic 
exchange ratio, in our model. Drawing on the same ratio- 
nale we applied in the, context of service satisfaction, we 
expect similar effects. When CIs occur, customers should 
be guided to a lesser extent by past evaluations, whereas in 
the absence of CI, current price satisfaction should be deter- 
mined largely by past price satisfaction. 

Ноа: Past price satisfaction has a weaker impact on current 


price satisfaction for customers who experience a nega- 
tive CI than for customers who do not experience a CI. 


Using the same rationale that underlies Hip, we expect a 
positive asymmetry with respect to the impact of past price 
satisfaction ratings on present ratings. 


Hay: For customers who experience a negative CI, higher rat- 
ings of past price satisfaction have a stronger impact on 
current price satisfaction than lower ratings. 


Customer Share Formation 


Impact of satisfaction on customer share. The second 
part of our model pertains to the formation of customer 
share over time. As we noted previously, inertia effects and, 
therefore, past customer share are important determinants 
of current customer share (Rust, Lemon, and Zeithaml 
2004; Verhoef 2003). The extent to which current ratings of 
service satisfaction and price satisfaction influence current 
customer share likely is affected by CIs. Again, we expect 
that CIs trigger a stronger update of customer share and 
imply a stronger impact of both overall service satisfaction 
and price satisfaction (Gustafsson, Johnson, and Roos 
2005). 


Н.а: Current service satisfaction has a stronger impact on cur- 
rent customer share for customers who experience a 
negative CI than for customers who do not experience a 
CL 

Наг: Current price satisfaction has a stronger impact on cur- 
rent customer share for customers who experience a 
negative CI than for customers who do not experience a 
CL . 


Nonlinear impact of satisfaction on customer share. 
Empirical evidence regarding nonlinearities in the relation- 
ship between satisfaction and loyalty is somewhat ambigu- 
ous (see Table 2); both increasing returns (suggesting a 
positive asymmetry) and decreasing returns (indicating 
negative asymmetries) have been observed. Theoretically, 
we might expect negative asymmetries according to 
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TABLE 2 
Nonllnearitles in the Context of Customer Satisfaction and Loyalty 





Researched 
Relationships 

Authors Industry 1 2 Results 
Anderson and Sullivan ACSI data x x 1. Negative asymmetry (dlsconfirmatlon-satisfaction) 

(1993) 

2. Linear relationship between satisfaction and 
repurchase intentlons 

DeSarbo et al. (1994) Bank, dental services x Negative asymmetry (SERVQUAL dimension—quality) 
Mittal and Baldasare Health care x Negative asymmetry (attribute evaluations—overall 

(1996) satisfaction) 
Bolton (1998) Telecommunications X Negative asymmetry (percelved losses/galns on 


Mittal, Ross, and Health care, automotive X 
Baldasare (1998) industry 

Anderson and Mittal ACSI data 
(2000) 

Bowman and Consumer products X 


Narayandas (2001) 


Mittal and Kamakura 
(2001) 


Automotive industry 


Bowman and 
Narayandas (2004) 


B2B: processed metal 


Gómez, McLaughlin, and 
Wittink (2004) 


Supermarket x 


Streukens and De 
Ruyter (2004) 


Retail service industries х 


Agustin and Singh 
(2005) 


Retalling and airline 


Cooll et al. (2007) Bank 


X 


relationship duratlon) 


Negative asymmetry (attribute satisfaction—overall 
satisfaction, attribute satisfaction-repurchase intentions) 


Negative asymmetry, greater effect at the extremes 
(satisfactlon-repurchase Intentions) 


1. Negative asymmetry (disconfirmation-satisfaction with 
а customer-initiated contact) 


2. Decreasing returns (satisfaction with a customer- 
Initlated contact-purchasing behavior) 


Satisfaction-loyalty intentions: decreasing retums; 
satlsfaction-behavioral loyalty: increasing returns 


Increasing returns (satisfaction-customer share) 

1. Negative asymmetry (quallty—overall satisfaction); 
positive asymmetry (customer service and 
value—overall satisfaction) 

2. Negative asymmetry (satisfaction-sales performance) 

Linear relationships (service quality-satisfaction, service 

quality—behavioral intentions, satisfaction-behavioral 


intentions) 


Decreasing returns only in the retail data 
(satisfactlon-loyalty intentions) 


Segment-spectfic nonlinearities 


Notes: 1 = antecedents of satisfacton/attribute satisfactlon—overall satisfaction, and 2 = satlsfaction-loyalty. ACSI = American Customer Satis- 


faction Index. 


prospect theory (Kahnemann and Tversky 1979) and the 
general negativity effect (Peeters and Czapinski 1990). A 
stronger impact of positive satisfaction evaluations on loy- 
alty is linked to the notion of customer delight, which posits 
that only truly delighted customers are loyal to a company 
(Bowman and Narayandas 2004). However, most empirical 
evidence points to a negative asymmetry (see Table 2). 
Because CIs may direct special customer attention to less 
favorable aspects of the service, we suggest a negative 
asymmetry in the relationship between satisfaction and loy- 
alty in the presence of CIs. 
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Hay: For customers who experience a negative CI, lower rat- 
ings of current service satisfaction have a stronger impact 
on current customer share than higher ones. 

Hsy: For customers who experience a negative CI, lower rat- 
ings of current price satisfaction have a stronger impact 
on current customer share than higher ones. 


For customers who do not experience a CI, the presence 
and nature of nonlinear effects remain uncertain. On the one 
hand, the ongoing business relationship of these customers 
might imply the lack of a relationship between satisfaction 
and loyalty (Narayandas 2005). On the other hand, cus- 


tomers may modify tbe share they offer to the supplier only 
when they are very satisfied, in line with the principle of 
customer delight. In the absence of a CI, therefore, cus- 
tomer share changes might occur only as a result of very 
positive evaluations of both service satisfaction and price 
satisfaction. In consideration of these divergent views, we 
do not put forth specific hypotheses about the presence and 
nature of a nonlinear effect for customers who do not 
experience a CI but rather examine the presence of nonlin- 
ear relationships in our empirical analysis. 


Research Design 


Data Collection 

Our sampling frame consists of approximately 850 cus- 
tomers in Germany and the Netherlands of a European pro- 
fessional logistics service provider. The service portfolio of 
the logistics company mainly consists of physical trans- 
portation services within Europe; only a small portion of 
the company's customer base uses additional logistic ser- 
vices such as packaging or warehousing. We conducted a 
telephone survey in yearly iterations during 1999—2001, 
with one-year time spans between surveys. The collabora- 
tive project ensures that the logistic service provider is 
heavily involved in the data collection. We interviewed key 
decision makers regarding suppliers’ choice of transport 
services and obtained an average response rate of 6096. 
Because we need at least two observations per firm over 
time (t — 1 and t), we included only those companies that 
participated in at least two subsequent iterations of the sur- 
vey and in which the same key decision maker responded to 
the survey. Аз a consequence, our final sample consists of 
399 (response rate of 4796) different companies—230 com- 
panies that participated in two subsequent iterations of the 
survey and 169 that participated in three iterations. Thus, 
our data set comprises companies participating in 1999 and 
2000 (36% of our sample of 399 companies); those partici- 
pating in 2000 and 2001 (2296); and those participating in 
1999, 2000, and 2001 (4296). Of the 399 different compa- 
nies, 109 belong to the ore, coal, and steel industry; 82 
belong to the construction industry; 83 belong to the chem- 
ical industry; 59 belong to the industrial and agricultural 
industry; and 66 belong to the manufacturing industry. We 
pooled the data over all respondents and periods to obtain 
568 cases that contain a present and a lagged period. In 
addition, we verified whether the 399 companies differ sig- 
nificantly from the responding companies for which we had 
only one observation. These results reveal no significant 
differences for industry sector, satisfaction, or customer 
sbare, suggesting that sample bias due to attrition is not a 
problem. 

As noted previously, we require a minimum of two 
observations over time, which is rather common in longitu- 
dinal research within customer satisfaction literature (e.g., 
Bolton and Lemon 1999; Mittal, Kumar, and Tsiros 1999; 
Verhoef, Franses, and Donkers 2002). We acknowledge the 
question whether one year between two surveys is too long 
to measure feedback effects, but prior research indicates 
that it is not. Mittal, Kumar, and Tsiros (1999) employ a 21- 


month span between surveys and reveal feedback effects; 
the same holds true for Verhoef, Franses, and Donkers 
(2002), who use a period of exactly one year between sur- 
veys. Johnson, Hermann, and Huber (2006) even allow two 
years between surveys and still show substantial carryover 
effects in customer perceptions and loyalty intentions. Thus, 
а time span of one year should not be too long to assess 
feedback effects. 


Measures 


We developed the questionnaire on the basis of input from 
expert interviews. Specifically, we asked customers to indi- 
cate (on a seven-point bipolar rating scale; see the Арреп- 
dix) their overall satisfaction with service; price; and 
transport-related attributes, interactions with sales agents, 
and handling and billing. Because we aim to develop a lon- 
gitudinal database and given the few customers in our data, 
as is typical in this type of B2B market, sufficient customer 
participation is an important issue. Furthermore, because 
the length of the survey represents an important determinant 
of response levels (e.g., Yammarino, Skinner, and Childers 
1991), we strive for a short survey and therefore use single- 
instead of multiple-item measures (see also Bergkvist and 
Rossiter 2007; Rossiter 2002). 

Customers indicated the customer share they have with 
the company on a six-point scale (1: «1096; 2: 10%—20%; 
3: 20%—30%; 4: 30%—40%; 5: 4096—6096; and 6: >60%). 
The customer share measure recognizes that business cus- 
tomers usually purchase from multiple vendors (e.g., Bow- 
man, Farley, and Schmittlein 2000), which implies that 
loyal behavior must be defined as awarding greater cus- 
tomer share to a particular supplier (Bowman and Narayan- 
das 2004). By measuring loyalty through customer share 
instead of absolute purchase volumes, we can avoid the 
problem of purchase volumes distorted by the success of the 
firm, which can occur in multiperiod investigations (for a 
more detailed discussion, see Cooil et al. 2007; Verhoef 
2003). We chose a categorical scale rather than the actual 
measure because assessments of actual customer share tend 
to become unreliable and more difficult to answer. In addi- 
tion, the company itself wanted consistency in its measure- 
ment and had used this measure in previous surveys. 


Сів 


Using the CI technique, we asked customers about the ѕре- 
cial occurrences among their interactions with the service 
provider they recalled as being unusually negative (Roos 
2002), which matches our definition of a negative CI. On 
the basis of discussions with management, we initially 
formed CI categories related to tbe attribute categories in 
the questionnaire. Two judges subsequently assigned the CI 
to these categories. The proportion of pairwise interjudge 
agreements is 94.296; thus, the classification has a sufficient 
level of reliability (Rust and Cooil 1994). The cases on 
which tbe judges did not agree were resolved through 
discussion. 

In total, our data contain 530 CI reports. In 159 of the 
568 cases, respondents experienced one CI, and in 153, they 
encountered more than one CI, with an average of 2.4 CIs 
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for the cases in which multiple CIs occurred. In addition, 
325 CIs are categorized as transport-related and constitute 
core service failures (Keaveney 1995; Maxham and Nete- 
meyer 2002), such as delayed or cancelled transport ser- 
vices (“А transport arrived in the middle of the night instead 
of in the morning") or damaged cargo ("Our multifunc- 
tional machine was damaged during transport; the conse- 
quence was production downtimes"). АП these CIs refer to 
the core service of physical transportation, not to additional 
logistic services. We assigned 40 CIs to interactions with 
sales agents, including issues such as long response times to 
transport inquiries (Since July 14th, we are waiting for an 
offer for transports to Austria") or unavailability of the sales 
agent. Thus, these CIs constitute service encounter failures 
(Keaveney 1995). The CIs assigned to the handling-and- 
billing category consist of problems during interactions 
with customer service (“The customer service could not tell 
me where my cargo was at that moment") or billing errors 
(“Our bill was 250,000 € too high"). Thus, these CIs also 
mainly stem from interactions. Finally, 24 CIs are related to 
pricing (“We just received the second price increase for this 
year"), and 42 CIs cannot be assigned to any of the cate- 
gories. To assess service recovery, we used a single item 
that measures how satisfied customers are-with the firm's 
resolution of their problems, again with a seven-point bipo- 
lar rating scale. 


Descripilve Statistics 


In Table 3, we summarize the descriptive statistics of our 
sample. The CIs are associated with decreases in attributes, 
overall service satisfaction, and price satisfaction; the 
transport-related attributes, which contain the most CIs, 
yield the greatest satisfaction decrease. Evaluations by cus- 
tomers who did not experience a CI remain stable or show 
slight increases. The customer share among both customer 
groups decreases over time, in line with prior research indi- 
cating that the customer share of existing customers 
decreases over time (e.g., Verhoef 2003). Lagged customer 


shares do not differ between customers who experienced a 
CI and those who did not (p > .1), which suggests that CIs 
are unrelated to previous customer share. 


Econometric Model 


We use a system of equations to test our conceptual model. 
We first discuss the general structure of our model, and then 
we extend the model to allow for nonlinear effects. As we 
noted, we explain current service satisfaction using lagged 
service satisfaction and current attribute ratings as explana- 
tory variables. In the second equation of our model, we 
specify dynamic relationships for price satisfaction, and in 
the third, we let customer share depend on its lag, current 
service satisfaction, and price satisfaction. We pool the data 
across industries and periods and control for industry sector 
and time effects by including the corresponding dummy 
variables. We allow the relationships to differ for customers 
who experienced and did not experience CIs and estimate 
distinct regression parameters for these two groups. 
Because we have no reason to assume that CIs affect our 
control variables, we maintain uniform parameters for 
these. For customers who experienced CIs, we add а 
dummy variable to denote whether the respondent experi- 
enced one CI or multiple CIs and a variable to measure sat- 
isfaction with service recovery.? 


2According to a Chow test, there is no significant difference in 
the parameter vectors for our control variables at p « .05. 

3We assume a direct impact of the occurrence of multiple CIs 
on satisfaction and customer share, though the occurrence of mul- 
tiple CIs also might function as a moderator. However, the rela- 
tively small number of observations with one CI and multiple CIs 
means that the estimates would become unreliable if we were to 
model additional moderating effects. The type of CI might also 
matter and could serve as a moderator, but again, the relatively 
small number of observations for several CI types would lead to 
unreliable estimates. 


TABLE 3 
Descriptive Statistics 
All M (SD) With Cis M (SD) Without Cls M (SD) 
t- 1 t 1-1 t 1-1 1 

Transport-related 4.33 4.19 4.20 3.81 4.46 4.62 
attributes (1.18) (1.22) (1.20) (1.18) (1.15) (1.11) 
Interaction with the 5.11 4.97 5.03 4.78 5.19 5.19 
sales agent (1.25) (1.31) (1.30) (1.36) (1.20) (1.22) 
Handling and billing 4.39 4.34 4.27 4.07 4.53 4.64 
(1.33) (1.29) (1.33) (1.26) (1.32) (1.25) 

Service satisfaction 4.25 4.12 4.18 3.81 4.34 4.46 
(1.12) (1.16) (1.11) (1.15) (1.13) (1.07) 

Price satisfaction 3.83 3.78 76 3.62 3.92 3.96 
(1.20) (1.22) (1.19) (1.24) (1.20) (1.19) 
Customer share 3.90 3.73 3.98 3.83 3.80 3.63 
(1.66) (1.72) (1.63) (1.69) (1.70) (1.75) 

Service recovery N.A. N.A. М.А 3.62 М.А М.А 

(1.47) 





Notes. М.А. = not applicable. 
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where 


servsat, = service satisfaction at t for subject i, 
attsat,, = satisfaction with the attribute / at t for 
subject i, 
recov, = service recovery at t for subject i, 
price, price satisfaction at t for subjeet i, 
cshare,, = customer share at t for subject 1, 
multci,, = dummy variable (1 if respondent experi- 
enced multiple CI and 0 if otherwise), 
dindustry,m = industry-dependent dummy variable, and 
time = time-dependent dummy variable. 


In addition, I;(k) and N,(k) are indicator variables, where 


1, if subject 1 had negative СТ 
0, if otherwise 


као | 


and 


Nw) = | if subject i Һай negative CI 
1, if otherwise. 

We investigate nonlinear relationships in our model by 
estimating several nonlinear model specifications (qua- 
dratic, exponential, logarithmic, and spline models). In our 
case, the spline model specifications offer the best fit. We 
define spline adjustment variables Z; at the thresholds j = 1, 


..., 6, with corresponding threshold values of X, (Marsh and 
Cormier 2001): 


(3) Z j = D(X - Xj, where D, = 0 for X < X, and 
D, = 1 for X > X,. 
Thus, we arrive at the following: 
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In terms of interpretation, the spline model specification 
implies that if, for example, servsat, _ | lies below the 
threshold j, the impact of servsat, _ | on servsat, can be 
denoted by the regression coefficient Фет for a customer 
who experienced a CI, whereas the impact for servsat, _1 > 
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jis Фс + Феј. The line segments are connected at j, which 
is also referred to as a “spline knot" (for a discussion of 
spline models in marketing, see Rust and Bornman 1982). 
For the model estimation, we use a three-stage least squares 
(3SLS) estimator to account for the correlation of the dis- 
turbances £, and endogeneity. 


Estimation Results 


Model Fit and Stability 

To assess the performance of our nonlinear moderated CI 
model, we estimate three rivals for comparisons. The first is 
a baseline model that does not allow for any effects of CI 
(log-likelihood [LL] = —2368.72; Akaike information crite- 
rion [AIC] = 4789.44). The second model examines ‘the 
effects of CI in the formation of satisfaction and customer 
share. The direct CI model corresponds to the models 
mostly investigated in literature and examines direct effects 
of CI on satisfaction and customer share (LL = —2358.13; 
AIC = 4784.25), The third model investigates moderating 
effects of CI on customer satisfaction and customer share 
but constrains itself to linear effects (LL = —2323.80; AIC = 
4725.61). 

The nonlinear moderated CI model (LL = —2308.82; 
AIC = 4709.64) outperforms the others in terms of the AIC 
statistic; the likelihood ratio test (Greene 2003) also favors 
the nonlinear moderated CI model over the alternatives (p < 
:01). To verify that the regression coefficients differ 
between customers who experienced a CI and those who 
did not, we performed Chow tests (Greene 2003) for the 
three equations; these confirm the difference in the parame- 
ter vectors (for service satisfaction and customer share for- 
mation, p < .01; for price satisfaction formation, p < .05). 

Thus, CIs have a moderating effect on the formation of 
satisfaction and customer share over time because including 
the moderating effects significantly improves the model. We 
assess the stability of our model by drawing ten random 
samples that each contain 7596 of our sample and running 
the model with these samples (for a similar procedure, see 
Bolton, Lemon, and Verhoef 2008). In these tests, 87% of 
the estimated parameters reach the same level of signifi- 
cance as our reported model.4 Of the significant parameters 
in our reported model, all have the same sign in our sub- 
sample models. Thus, our model results appear stable.5 





4To account for our measures of satisfaction with a seven-point 
scale and customer share with a six-point scale, we also estimate 
models with a log-log specification. The parameter estimates 
remained comparable. To account for the categorical nature of our 
customer share measure, we estimate an ordered logistic regres- 
sion and obtain virtually the same results as in our 3SLS model. 
Because the model contains multiple equations and we must 
account for endogeneity, we show only the results of the 3SLS 
model. 

5Unfortunately, the 3SLS estimator does not account for the 
panel data structure of a part of our data set. Applying a panel data 
estimator is complicated because only part of our data set has a 
panel structure and the time dimension is small. The most straight- 
forward solution would be to include company-specific fixed 
effects for the companies with two observations in each of the 
three equations simultaneously, but this is not possible because of 
the limitations of our data set. Instead, we estimate three different 
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Because the contemporaneous measures are collected 
within the same survey, common method variance could be 
a problem. We followed the procedure that Lindell and 
Whitney (2001) outline, using a marker variable to detect a 
potential bias. The significance of the correlation coeffi- 
cients does not change; thus, common method variance 
does not appear to be a problem. We depict the estimation 
results in Table 4. 


Satisfaction Formation 


Regarding the formation of overall service satisfaction, we 
find striking differences between customers who experi- 
enced and those who did not experience a negative CI. 
Among those who experienced a negative CI, lagged ser- 
vice satisfaction ratings at or below 4 do not influence their 
current service satisfaction at all; only the spline adjustment 
variable for ratings greater than 4 reaches a satisfactory 
level of significance. That is, very low service satisfaction 
ratings do not carry over to the next period, and only high 
overall service satisfaction ratings persist over time. For 
customers who did not experience a CI, the results are dif- 
ferent. According to the regression coefficients, lagged 
overall service satisfaction is the most salient determinant 
of current service satisfaction (.446), and when satisfaction 
ratings exceed 4, the impact of lagged service satisfaction 
on current satisfaction decreases (.446 — .183 — .263). The 
difference between the coefficients associated with cus- 
tomers who experienced CI and those who did not is sig- 
nificant (p « .01). 

In Figure 2, Panel A, we display the relationship 
between lagged and current service satisfaction depending 
on satisfaction level and whether a customer experienced 
CI. To develop this figure, we vary the lagged service satis- 
faction ratings from 1 to 7 and insert average values for all 
other explanatory variables. Although the slopes of the 
curves are comparable for lagged service satisfaction rat- 
ings that exceed 4, the impact of lagged service satisfaction 
on current service satisfaction is much greater for customers 
who experienced a CI, in support of H,,. Furthermore, we 
find а positive asymmetry for customers who experienced a 





3SLS models, in which we 1nclude company-specific effects for 
each of the three equations separately. For all three models, model 
fit deteriorates heavily as a result of the many additional parame- 
ters, but parameter estimates remain comparable. In addition, we 
estimate our mode] using a reduced data set—including only one 
case per company—which also yields comparable results. Thus, 
our results seem not to be affected by the panel data structure of 
part of our data set. 

6As a marker variable, we used the respondents’ assessment of 
how their overall satisfaction with the best competitor has devel- 
oped over the past six months because this measure was included 
in all three surveys. The significance level of the correlation coef- 
ficients remained the same after correction. Because this marker 
variable might theoretically be somewhat related to the overall sat- 
isfaction measure we use in our study, we repeated the procedure 
for the data collected in the years 2000 and 2001 with the marker 
variable "How will the proportion of international transports in 
your company develop in the near future?" (2000) and a question 
about how familiar customers were with the goal and content of a 
specific new company policy (2001); again, significance did not 
change. 


TABLE 4 
Estimation Results of the Nonlinear Moderated CI Model 











Coefficlents 
СІ Мо СІ 
Dependent: Service Satisfaction 
Service satisfaction, _ 1 —.016 .446*** 
24 .216** 24 —.183* 
Transport-related attributes, .698*** 277“ 
23 – 321" 
Interaction with the sales agent, 1177“ .127*** 
Handling and billing, .132*** .084** 
Service recovery .019 
Multiple Cis —.156* 
Ore, coal, and steel industry —.116 
Construction industry —.124 
Chemical Industry —.158* 
Industrial and agricultural sector .079 
Year: 2001 .011 
Constant .407* 
R2 .639 
Dependent: Price Satisfaction 
Price satisfaction; _ 1 .193*** .341*** 
23 .290** 
Multiple Cls .025 
Ore, coal, and steel industry .352** 
Construction industry .010 
Chemical Industry .068 
Industrial and agricultural sector .283 
Year: 2001 —.020 
Constant 2.469*** 
R? .194 
Dependent: Customer Share 
Customer share, _ 1 .002 .608*** 
Zo .799*** 24 .327* 
Service satisfactlon, 377“ .006 
23 —.320* 
Price satisfaction .118* .095 
Service recovery —.049 
Multiple Cls .167 
Ore, coal, and steel industry .157 
Construction Industry —.313* 
Chemical industry .057 
Industrial and agricultural sector —.104 
Year: 2001 .064 
Constant .698** 
R2 559 
AIC 4709.64 
LL —2308.82 





*Significant at the 10% level. 
**Significant at the 5% level. 
***Significant at the 1% level. 


CI; only past service satisfaction ratings greater than 4 sig- 
nificantly influence current overall service satisfaction. 
Thus, Ну is confirmed as well. For customers who did not 
experience a CI, less favorable service satisfaction ratings 
have a greater tendency to carry over, an effeot opposite to 
the positive asymmetry we observe for customers who 
experienced a CI. 

Current attribute satisfaction ratings are more important 
for customers who experienced a CI than for customers 


who did not. The former group considers the transport- 
related criteria, the attribute category of the majority of CIs, 
most important. For customers who experienced a CI, we 
find a negative asymmetry; the influence of the lowest rat- 
ings of the transport-related attributes (1, 2, and 3) on over- 
all service satisfaction is almost twice as high (coefficient 
.698) as the influence of the higher ratings (net effect .698 — 
.321 = .377). Thus, the impact of the attribute ratings is 
stronger than it is for customers who did not experience a 
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CI (.277) (р < .01). For customers who did not experience а In the handling-and-billing category, we find a similar 








CL we cannot identify nonlinearities for this attribute cate- pattern; the coefficient associated with satisfaction evalua- 
gory. We depict the differences in the relationships caused tions of handling and billing for the customers who experi- 
by CIs in Figure 2, Panel B. enced a CI (.132) is much higher than the paired coefficient 
FIGURE 2 
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among customers who did not (.084) (p « .01). In contrast, 
the interaction with the sales-agent-attribute category does 
not follow this pattern. The coefficient for customers who 
experienced a CI is actually smaller than that for customers 
who did not, possibly because relatively few negative Cls 
occurred in this category. For neither the handling-and- 
billing nor the interaction-with-sales-agent categories could 
we detect nonlinear effects. 

Customers who experienced multiple negative CIs are 
less satisfied than customers who experienced only one CI, 


an intuitive result. However, service recovery fails to exerta . 


significant impact on service satisfaction, which is surpris- 
ing in light of previous empirical evidence that supports 
“such an effect (Maxham and Netemeyer 2002; Smith and 
Bolton 1998). We can only speculate about the reasons for 
this divergence, but a possible explanation might be related 
to the inclusion of measures of attribute satisfaction in our 
model, which is not present in the majority of literature. 
These measures might contain an implicit evaluation of the 
quality of the service recovery and, as such, conceal a dis- 
tinct service recovery effect. Tentative evidence for this 
notion includes the significant (p « .01) and substantial cor- 
relations between service recovery and the transport-related 
attributes (.61) and handling and billing (.41). | 
In summary, we find support for Но, for two of the three 
attribute categories. We identify a negative asymmetry in 
the relationship between attribute evaluations and overall 
service satisfaction only for the transport-related attributes, 
possibly because the other two attribute categories are less 
important in terms of overall service satisfaction. Thus, we 
find support for H in one of the three attribute categories. 
Price satisfaction is influenced by its lag and the indus- 
try sector. Again, we find differences in the price satisfac- 
tion formation of customers who experienced a CI and 
those who did not. For customers who experienced a CI, we 
find the expected positive asymmetry, in that more favor- 
able evaluations are subject to greater carryover effects 
(.193 + .290 = .483) than are less favorable ones (.193), in 
support of Нзь. Because of this positive asymmetry, the 
question whether the lagged effects are stronger for cus- 
tomers who experienced a CI or customers who did not is 
somewhat more difficult to answer. For price satisfaction 
ratings equal to or less than 3, the carryover effects are 
greater for customers who did not experience a CI (.341 
versus .193), in line with H4,. However, because of positive 
asymmetry, for evaluations greater than 3, the coefficient 
increases for customers who experienced a CI (.483). In 
Figure 2, Panel C, we depict the impact of past price satis- 
faction on current price satisfaction, depending on the 
evaluation level and whether customers experienced a CI. 
For very high ratings of price satisfaction (between 6 and 
Т), the lagged effects are similar for customers who experi- 
enced a CI and those who did not. For lower ratings, the 
impact of past price satisfaction on current price satisfaction 
is greater among customers who did not experience a CI, in 
addition, the coefficients differ significantly (p « .01), so we 
find partial support for Hza. 


Customer Share Formation 


In the customer share portion of our model, the comparably 
large coefficients associated with lagged customer share 
suggest a high level of inertia.” The impact of lagged cus- 
tomer share on current customer share is greater for cus- 
tomers with a higher customer share with the supplier (CI: 
.002 for customers whose lagged customer share is equal to 
or less than 2, and .801 for customers whose lagged cus- 
tomer share is greater than 2; no CI: .608 for lagged cus- 
tomer shares less than or equal to 4, and .935 for lagged 
customer shares greater than 4). That is, customers with а 
higher customer share are subject to a higher level of iner- 
tia, an intuitive result. For customers who experienced a CI, 
lower lagged customer share values (1 or 2 on the six-point 
scale) do not significantly affect their current customer 
share. Thus, these customers are more inclined to adjust 
their supplier portfolio, perhaps even implying a total 
switch to an alternative supplier, and are clearly endan- 
gered. Yet, as we show in Figure 2, Panel D, the relationship 
between lagged and current customer share is comparable 
for customers who experienced a СТ and for those who did 
not. 

However, a remarkable difference between customers 
who experienced a CI and those who did not is that service 
satisfaction and price satisfaction influence customer share 
among the former group, whereas both coefficients are 
insignificant for the latter group. Therefore, we find support 
for H4, and Hs,. Furthermore, for the latter group, the only 
significant determinant of current customer share is past 
customer share, which suggests that these customers are 
subject to high inertia levels. 

With respect to customers who experienced a CI, we 
also find that only very low current service satisfaction rat- 
ings (less than or equal to 3) affect their customer share. For 
ratings greater than 3, the effect becomes very small (.377 — 
.320 = .057). Thus, ratings greater than 3 hardly affect cur- 
rent customer share, in support of the negative asymmetry 
predicted in На. We display the relationship between over- 
all service satisfaction and customer share in Figure 2, 
Panel E. Counterintuitively, the significant impact of ser- 
vice satisfaction combined with negative asymmetry causes 
the customer share of customers who experienced a CI to 
exceed that of customers who did not at a certain point. In 
the next section, we discuss this phenomenon further. 

We cannot identify any nonlinear effects for price satis- 
faction, which means that Но, is not supported. For cus- 
tomers who experienced a CI, neither the occurrence of 
multiple CIs nor satisfaction with the service recovery sig- 
nificantly affects customer share. However, the occurrence 
of multiple CIs has an indirect negative effect on customer 
share through a lower level of service satisfaction; in the 
service satisfaction model, the respective coefficient is 
negative and significant. Again, we can only speculate 
about why the service recovery effect is insignificant, but 
the most straightforward explanation involves the evalua- 





"The difference between the coefficients of customers who 
experienced a CI and those who did not is significant at p « .05. 
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tion of the service recovery being included implicitly in ser- Likewise, we assume that the attribute ratings of these cus- 


vice satisfaction ratings. tomers lie around 2 for customers in the low-satisfaction 

Finally, we find a few significant industry dummies that condition and 6 for customers in the high-satisfaction con- 
suggest, for example, that firms in the construction industry dition. When a CI occurs, we assume that current attribute 
tend to decrease their customer share to a greater extent satisfaction decreases, in accordance with the descriptive 
than those in the default industry category (manufacturing). statistics we report in Table 3; specifically, we assume that 
These industry effects might occur because of the greater average satisfaction with the transport-related attributes is 
number of viable transport alternatives in the construction .81 lower in the presence of a CI (satisfaction with the sales 


industry or because of the reduction in transport volume due force is 4]: satisfaction with handling and billing is .57). 
to the decline in the construction industry in Germany at In the price satisfaction model, we distinguish between 
that time, which might have unequally affected the share of customers with low (2) and high (6) past price satisfaction 
different logistic service providers. ratings. For our calculations in the customer share model, 
we distinguish between situations with a low lagged cus- 


Understanding the Impact of Clis tomer share (2) and a high lagged customer share (5). Fur- 
To gain a full understanding of the impact of CIs, we show thermore, regarding our calculations of customer share, we 
the effects on service satisfaction, price satisfaction, and differentiate between customers with high and low levels of 
customer share and differentiate between customers with service satisfaction and price satisfaction, using the previ- 
high and low values on the respective constructs. To demon- ously computed scores. We provide the results of our calcu- 
strate the consequences of CIs for customer evaluations of lations in Table 5. 
service satisfaction, we distinguish between those with high In both high- and low-satisfaction conditions, service 
and low service satisfaction. Among customers in the low- satisfaction is about a half point lower when a CI occurs. 
satisfaction condition, we assume a lagged score of 2 for We find a strong decrease in price satisfaction due to CIs 
service satisfaction on our seven-point scale; for those in only when past price satisfaction is low; when past price 
the high-satisfaction condition, we assume a score of 6. satisfaction is high, the positive asymmetry in the carryover 

TABLE 5 


Impact of Cis on Satisfaction and Customer Share 
ee 


Service Satisfaction 
Low Satisfaction High Satisfaction 
ѕегуѕаћђ _ ; = 2 servsat;_ 1 = 6 
СІ айѕаї = 1.60 1.92 айїзаї = 5.60 5.24 
айѕаїд = 1.80 attsato, = 5.80 
attsatg, = 1.72 анзаћ = 5.72 
No Cl attsat,; = 2.40 2.36 attsat,; = 6.40 5.73 
айва = 2.20 attsat = 6.20 
attsat4 = 2.29 attsats; = 6.29 
АС! ~ no CI —44 –.49 
аа. 
Price Satisfaction 
Low Past Price Satisfaction High Past Price Satisfaction 
price... = 2 Prlce,. 126 
CI 3.00 4.64 
No CI 3.30 4.66 
ACI — no CI —.30 —.02 
ese 
Customer Share 
ee 
Low Cshare,. 1 High Cshare, _ 1 
Cshare, _ , = 2 Cshare,_; =5 
Low servica/price Cl servsat, = 1.92 1.62 4.02 
satisfaction price, = 3.00 
No Cl servsat, = 2.36 2.26 4.41 
price, = 3.30 
ACI — no CI —.64 –.39 
High service/price CI servsat, = 5.24 2.35 4.75 
satisfaction price, = 4.64 
no CI servsat, = 5.73 2.41 4.56 
price, = 4.66 
ACI — no CI —.06 .19 
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effects attenuates the negative impact of CI on current price 
satisfaction. 

The most intriguing results are related to customer share 
in the presence and absence of CIs. The strongest decline in 
customer share due to a CI occurs when both service satis- 
faction and past customer share already are low. This find- 
ing may be attributed to two effects: First, in a situation in 
which a CI has occurred, inertia is low for customers who 
have a low customer share. Therefore, these customers will 
lower their customer share or even consider a complete 
switch. Second, low service satisfaction ratings affect cur- 
rent customer share for this group of customers. These two 
effects mean that these customers are influenced most 
strongly by the occurrence of CI. When previous customer 
share is high, the decline in customer share due to CI is less 
pronounced for customers with low satisfaction levels 
because a high level of inertia exists among customers with 
a high customer share, regardless of whether they experi- 
enced a CI. 

If past customer share is low and service satisfaction 
and price satisfaction are high, the negative effects of CI are 
mitigated by the favorable satisfaction ratings, so customer 
share remains virtually the same in both the presence and 
the absence of CI. Thus, the supplier does not gain cus- 
tomer share, despite customers' favorable evaluations of 
their satisfaction. 

The most notable result appears among customers with 
high past customer share and favorable evaluations of the 
overall service and the price. For this group of customers, 
customer share is higher when a CI occurs than in the 
absence of a CI, possibly because of the updating process 
that CIs trigger. During the updating process, the customer 
takes satisfaction into account, and if these evaluations are 
favorable, they positively affect customer share. Thus, nega- 
tive CIs can have positive consequences for the supplier. 
However, the pitfall of this argument lies in the necessary 
condition that both service and price satisfaction be high, 
even though a CI has occurred. 

To investigate further the counterintuitive result pertain- 
ing to the higher current customer share of satisfied cus- 
tomers with a high past customer share who experienced a 
CI compared with those who did not, we take a closer look 
at our sample and, in particular, firms in the high- 
satisfaction, high-past-customer-share condition.’ In 111 
cases, a high service satisfaction (25 on the seven-point 
scale) coincides with a high (25) past customer share, and 
in 44 of these cases, a CI occurred. Average current cus- 
tomer share of customers who experienced a CI is .12 
points higher than that of customers who did not. As we 
pointed out previously, customer share decreases in the 
whole sample over time, but the average decrease in current 





8We also assess whether the results differ when multiple CIs 
occurred. If multiple CIs occurred, service satisfaction is lower in 
all four conditions, which translates into a somewhat lower cus- 
tomer share in the presence of multiple CIs (low satisfaction/low 
past customer share = 1.56; low satisfaction/high past customer 
share — 3.96; high satisfaction/low past customer share — 2.34; 
high satisfaction/high past customer share — 4.74). However, the 
main conclusions derived from Table 5 remain the same for cus- 
tomers who experienced multiple CIs. 


customer share of customers who experienced a CI is .14 
points lower than that of customers who did not. What 
could be the reason for this effect? Unfortunately, we can 
only speculate. When we examine the firms in question, we 
find a somewhat higher satisfaction with service recovery 
among satisfied customers with a high past customer share 
(for all respondents who experienced a CI, 4.55 versus 3.62, 
respectively). Thus, it might be a service recovery effect, 
but because service recovery fails to reach a satisfactory 
level of significance in our model, this reasoning remains 
highly speculative. Another possibility could lie in the 
nature of the CI. If we examine the companies with a high 
service satisfaction (25 on the seven-point scale) and a high 
past customer share, we find that firms that report problems 
that are rather long-term are more likely to reduce their cus- 
tomer share than firms that report CIs that are rather short- 
term. However, both groups still decrease their customer 
share to a lesser extent than customers who did not experi- 
ence a CL. An alternative explanation could be company 
size and, related to this, transaction volume. If a company 
has many transactions with the service provider, a negative 
CI can be just one bad experience among many good expe- 
riences. If we compare the companies in the high- 
satisfaction/high-share-condition that experienced a CI with 
those that did not, we indeed find a higher proportion of 
“A” customers according to the logistics company’s own 
classification in the former sample than in the latter (39% 
versus 29%). However, we do not find much difference in 
company size between the two groups.’ Still, this could 
partly explain our counterintuitive results. 


Discussion 


Overall, we find support for six of our ten hypotheses and 
partial support for three of them. The most important find- 
ings are as follows: 


Overall, service satisfaction undergoes a stronger update if a 
CI occurs. 

elf and only if a CI occurs, customer share is significantly 
affected by service and price satisfaction. 

The occurrence of a CI influences the presence and nature of 
nonlinear relationships. 

*Critical incidents can have a positive effect on customer share 
among satisfied customers who have maintained a high share 
with the supplier ın the past. 


Satisfaction Formation 


For customers who experienced a CI, a stronger updating 
process takes place, with current attribute evaluations being 
weighted more heavily. This tendency holds in particular 
for low satisfaction scores of the attribute categories in 
which many Cls occurred—in our case, transport-related 
attributes. The negative effects of CIs are mitigated when 
past service satisfaction is high because carryover effects of 
past service satisfaction occur for high satisfaction ratings 
only. This finding implies that very satisfied customers are 
more forgiving than less satisfied customers, which con- 





9The company size classifications are taken from the database 
AMADEUS. 


Critical Incidents and Customer Share / 137 


firms our theory that defensive processing mechanisms sub- 
ject positive experiences to greater carryover effects. 

Service satisfaction of customers who did not experi- 
ence a СТ forms in a more cumulative way, with past service 
satisfaction being the most important determinant. For this 
group of customers, lower overall service satisfaction rat- 
ings are subject to stronger carryover effects than higher 
ratings, in line with prospect theory and the general negativ- 
ity effect (Mittal, Ross, and Baldasare 1998). Thus, a 
remarkable impact of CI is that it reverses the nonlinearities 
in the relationship between past and current service 
satisfaction. 

Price satisfaction formation bears similarities to the for- 
mation of service satisfaction, including the differences 
between customers who experienced a CI and those who 
did not. The carryover effects are smaller when customers 
experienced a CI, except for very high price satisfaction 
ratings. 


Customer Share Formation 


The link between satisfaction and loyalty differs signifi- 
cantly between the two groups of customers. The current 
customer share of customers who did not experience a CI is 
determined almost exclusively by the past customer share 
they provided the supplier, which mirrors previous research 
that indicates that in B2B markets, customer satisfaction 
may be related only weakly to customer loyalty (Narayan- 
das 2005). However, this finding does not hold if a CI 
occurs, because for customers who experienced a CI, cur- 
rent service satisfaction and price satisfaction are relevant 
determinants of their current customer share. 

Our results deviate from those of Gustafsson, Johnson, 
and Roos (2005), who could not detect any effects triggered 
by a CI, a result they ascribe to the relatively short observa- 
tion period (nine months) of their study. Furthermore, only 
1096 of their respondents actually experienced a reactional 
trigger, perhaps because the service area they selected for 
their empirical study, consumer telecommunications ser- 
vices, usually does not involve much interaction with the 
service provider. However, in the area of professional logis- 
tics services, interactions with service providers take place 
regularly and frequently, providing ample occasions for 
CIs. In addition, a service failure can disrupt a firm's opera- 
tions and thus entails potentially greater financial conse- 
quences than consumer telecommunications services. 
Moreover, we study customer share instead of customer 
retention and acknowledge that leaving a firm in response 
to a CI may represent a drastic step, though decreasing busi- 
ness with a supplier happens far more easily. Customer 
retention is also affected by many other factors that go 
beyond customer satisfaction (e.g., commitment to the 
supplier). 

Unlike previous studies, we find nonlinearities in the 
relationship between past and current customer share. For 
both groups of customers, the effect of past customer share 
on current customer share is significantly greater for higher 
customer shares, which appears to be an intuitive result. 
However, for customers with low customer shares who 
experienced a CI, there are no carryover effects, which sug- 
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gests that inertia serves as a barrier against a potential drop 
in customer share due to a CI only if customer share is suf- 
ficiently large. 

For customers who experienced a CI, we also find that 
only low service satisfaction ratings influence customer 
share. This finding mirrors those of other studies (e.g., 
Agustin and Singh 2005; Mittal and Kamakura 2001; Mit- 
tal, Ross, and Baldasare 1998) but contrasts with that of 
Bowman and Narayandas (2004), who also employ a B2B 
setting and study customer share as the dependent variable. 
We can only speculate about the reasons for this divergence, 
but the most obvious is that we account for the occurrence 
of CI, which Bowman and Narayandas do not. For example, 
if a CI occurs, customers may become especially sensitive 
to negative aspects of the service. 

Unfortunately, the role of service recovery remains 
unclear. We fail to find a significant impact of satisfaction 
with service recovery in our model, possibly because 
evaluations of service recovery are implicitly included in 
attribute and overall satisfaction ratings. Still, from a theo- 
retical point of view and in light of previous evidence, ser- 
vice recovery should be an important determinant of service 
satisfaction and customer share when a CI occurs. 


Management Implications 


We offer some important implications related to managing 
customer relationships in business markets. First, managers 
should be aware that CIs affect customer relationships by 
triggering stronger updates, which move customers from a 
business-as-usual mind-set to a deeper reconsideration of 
the relationship. Therefore, managers should pay special 
attention to customers who recently experienced a CI and 
carefully resolve those CIs to enhance satisfaction evalua- 
tions, which may transform into customer loyalty. 

Second, many previous recommendations tell managers 
to minimize the number of CIs, but our results suggest а 
more differentiated approach, in which managers address 
CIs differently depending on the customer relationship 
quality in terms of satisfaction and customer share. In Fig- 
ure 3, we derive recommendations for relationship manage- 
ment strategies with respect to CIs on the basis of our cal- 
culations in Table 5. The relationship strategy should differ 
between cells; in some cases, CIs should be minimized, but 
in others, they may have a positive impact on a relationship. 
For satisfied customers with a high customer share, CIs 
might intensify the relationship. However, deliberately trig- 
gering negative CIs to increase customer share is not with- 
out risks. Crucially, both service satisfaction and price satis- 
faction must be high, despite the CI, which demands an 
excellent service recovery by the supplier. Still, a negative 
occurrence, such as a CI, can have a positive impact on the 
relationship with a customer. Thus, a service provider 
should be aware of the potentially relationship-reviving 
effect of CIs to make the most of these potentially positive 
effects. 

Our recommendations are based on a single study in a 
specific industry. However, our study demonstrates that 
firms should try to understand the impact of CIs on their 
relationship with customers to infer whether they might use 
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these incidents as instruments to intensify their customer 
relationships. 


Limitations and Directions for 
Further Research 


Our study suffers from several limitations, which simulta- 
neously point to fruitful avenues for further research. First, 
our research is based on three years of data, which limits 
our analysis with respect to longer-term effects of CIs. Sec- 
ond, we base our study on satisfaction evaluations of only 
one company. Although the B2B relationships analyzed 
herein appear typical for long-term relationships, it would 
be worthwhile to know whether our results generalize to 
other contexts as well. In particular, additional research 
might determine whether the stronger updating processes 
for customers who experienced a CI also emerge in a con- 
sumer context. 

Third, we assume that the respondent's customer satis- 
faction reflects the organization level, which is reasonable 
because we interview key decision makers appointed by the 
company's sales staff. However, especially in larger compa- 
nies, a decision-making unit with multiple employees might 
make supplier choices, in which case it would be preferable 
to survey multiple decision makers. However, this approach 
represents an extensive exercise in a longitudinal research 
study and would probably reduce the number of usable 
observations over time. Аз another potential complication, 
our model might differ between firms that employ only one 
decision maker and those that use multiple decision makers. 
Therefore, additional research should consider this issue. 

Fourth, we conceptualize negative CIs as one general 
category, though CIs may differ in terms of content, sever- 
ity, and sequence (e.g., Maxham and Netemeyer 2002). Fur- 
ther research might investigate in more depth how specific 
groups of CIs moderate the studied relationships. 


Fifth, because we use a longitudinal design and strive 
for a sufficiently large sample, we use single-item mea- 
sures. Although recent results regarding the predictive 
validity of single-item measures are good (Bergkvist and 
Rossiter 2007), justifications for their use in scientific mar- 
keting research remains a continuous debate (e.g., Rossiter 
2002). 

Sixth, we measured customer share with self-reports, 
though data from a customer database or survey data on 
buying behavior in the market would provide more objec- 
tive measures (e.g., Verhoef 2003). Because the study firm 
did not have a sophisticated database with up-to-date reve- 
nues for each year and was not informed about the total 
transport volume of its customers, our approach offers the 
best measure available. According to the company's sales 
staff, the decision makers we surveyed are highly informed, 
and their assessments should be close to the actual customer 
share, but further research should study more objective loy- 
alty measures. Related to this issue, our customer share 
measure contains categories, which means that we cannot 
assess finer changes in customer share (e.g., from 5096 to 
54%). Such a measure would be possible with more objec- 
tive data. Furthermore, it would have been informative to 
know whether other supplier relationships had changed 
within the period under study. 

Seventh, although the 3SLS estimator can deal with the 
correlation of the disturbances and endogeneity, it does not 
account for the panel data structure of some of our data. We 
leave the issue of how panel data estimators for simultane- 
ous equation models (e.g., Baltagi 1981) can be adapted to 
very short and unbalanced panels, as in our case, for further 
research. Finally, additional research could investigate how 
the occurrence of CIs affects other measures used in the 
context of customer relationship management, such as cus- 
tomer profitability or customer lifetime value (e.g., Rust, 
Lemon, and Zeithaml 2004). 
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Eric (Er) Fang, Robert W. Palmatier, & Jan-Benedict E.M. Steenkamp 


Effect of Service Transition 
Strategies on Firm Value 


The authors investigate the effectiveness of service transition strategies for generating shareholder value by 
evaluating secondary data pertaining to 477 publicly traded manufacturing firms during 1990—2005. The impact of 
a firm's transition to services on firm value (as measured by Tobin's q) remains relatively flat or slightly negative 
until the firm reaches a critical mass of service sales (20%—30%), after which point they have an increasingly 
positive effect. Furthermore, the effect of service sales on firm value depends on both firm and industry factors. 
Service transition strategies are more effective at enhancing value when the service offerings are related more to 
the firm's core business and when firms have more available resources (i.e., resource slack). The impact of adding 
services to core products on firm value amplifies as industry turbulence increases but diminishes when the firm's 
core products are in high-growth industries. 


Keywords: service ratio, solution selling, service transition strategies, Tobin's q, resource-based view, firm value 


services to their existing product offerings in an attempt 

to provide total customer solutions and, thus, to improve 
their competitiveness and performance (Lusch, Vargo, and 
O'Brien 2007; Sawhney 2006; Wise and Baumgartner 
1999). For example, the positive financial impact that the 
Fortune 20 giants IBM and General Electric gained from 
transitioning from product-centric manufacturers to primar- 
ily service providers highlights the attractiveness of this 
strategy among many managers (Sawhney, Balasubraman- 
ian, and Krisbnan 2004). Academics add support to service 
transition strategies by arguing that to compete in the 
future, firms must shift from a “goods-centered paradigm” 
to a "service-centered view" (Vargo and Lusch 2004, p. 12). 
The resultant service-based initiatives have been successful 
in many cases, but there also are noticeable failures, includ- 
ing Intel's move to Web-based services and Boeing's offer 
of financial services (Sawhney, Balasubramanian, and 
Krishnan 2004). Building a critical mass of services may be 
necessary for such transition strategies to affect firm perfor- 
mance positively (Bharadwaj, Varadarajan, and Fahy 1993), 
but it seems surprising, given the attention devoted to “com- 
peting through services," tbat little empirical research iden- 
tifies whether, the extent to which, and in what conditions 
this strategy will be effective (Bolton, Grewal, and Levy 
2007). Sawhney (2006, p. 378) recently identified the need 


|: the past few decades, many leading firms have added 
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“to conduct an empirical investigation to see if the financial 
benefits of moving toward solutions [services] outweigh the 
risk and to define the contextual factors that separate win- 
ners from losers in migration to a solutions approach.” 

This article attempts to fill this gap in the literature by 
addressing three research questions: (1) Do service transi- 
tion strategies increase firm value? (2) What level of service 
intensity is required for transition strategies to contribute to 
firm value? and (3) Which firm and industry factors 
increase or decrease the value of service transition strate- 
gies? We investigate these research questions by integrating 
multiple secondary sources of longitudinal data on 477 pub- 
licly traded U.S. manufacturing firms from 1990 to 2005. 
Specifically, we capture a firm’s progress in implementing a 
service-based strategy by using the portion of a firm’s total 
sales revenue that results from the sale of services; a firm 
initiating a service transition strategy typically begins with 
a low service ratio and, over time, attains progressively 
higher levels of service content. 

Our focus on firm value to evaluate the effectiveness of 
service transition strategies is consistent with the position of 
the Marketing Science Institute (2006), which has identified 
the impact of marketing strategies on firm value as one of 
its top research priorities. Indeed, Lehmann (2004, pp. 73— 
74) argues that “if marketing wants ‘a seat at the table’ in 
important business decisions, it must link to financial per- 
formance,” but he laments that the “link [of marketing 
actions] to financial outcomes and stock price surprisingly 
is rarely considered.” Our measure of firm value is Tobin’s 
q, which marketing academics increasingly recognize as an 
important metric for evaluating the effectiveness of market- 
ing strategies (Lee and Grewal 2004; Rao, Agarwal, and 
Dahlhoff 2004; Srivastava, Shervani, and Fahey 1998). 
Because Tobin’s q is based on stock prices, it is forward 
looking and risk adjusted, integrates multiple dimensions of 
performance (sales, profits, cash flow, earnings volatility), 
and is less easily manipulated by managers than other mea- 
sures (Srivastava, Shervani, and Fahey 1998). 
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Service Transition Strategies and 
Firm Value: A Resource-Based View 


Studies in both marketing and strategy literature argue that 
manufacturing firms should shift to “solution” and/or “ser- 
vice" offerings to improve their competitive position in the 
era of intense global competition and increasing commodi- 
tization that characterizes many product markets (Sawhney, 
Balasubramanian, and Krishnan 2004; Vargo and Lusch 
2004; Wise and Baumgartner 1999). We refer to these 
strategic redirections as "service transition strategies" The 
primary premise behind such arguments relies on the 
important benefits associated with offering services, includ- 
ing increased customer loyalty, enhanced pricing power, 
and improved resistance to outsourcing. These benefits 
derive from the innate characteristics of services; compared 
with products, services make a firm's offering more intangi- 
ble, more likely to require coproduction, more difficult to 
standardize, more knowledge intensive, and more demand- 
ing of direct sales contact. In essence, service transition 
strategies reportedly can make the firm's total offering (tan- 
gible and intangible value proposition) more unique, diffi- 
cult to duplicate or imitate, and valuable to customers, 
which should improve firm value through higher and more 
stable sales, cash flows, and profits (Vargo and Lusch 
2004). We investigate this premise within the resource- 
based view (RBV) theoretical framework, which is well 
suited to evaluate how and when service transition strate- 
gies can affect the imitability and value of a firm's tangible 
and intangible resources and its ultimate market value (Bar- 
ney 199]; Palmatier, Dant, and Grewal 2007). 

The RBV perceives a firm as an idiosyncratic bundle of 
resources and capabilities that are available for deployment 
but difficult for rivals to imitate (Amit and Schoemaker 
1993). Teece, Pisano, and Shuen (1997, p. 516) argue that 
these capabilities should be viewed from a dynamic per- 
spective, based on the notion that dynamic capabilities—or 
the "ability to integrate, build, and reconfigure internal and 
external competencies”—are the most critical drivers of a 
firm's competitive advantage and value. Eisenhardt and 
Martin (2000) extend the dynamic perspective of the RBV 
with the premise that firm value is enhanced only if these 
dynamic capabilities coincide with environmental condi- 
tions. That is, any examination of the effect of a firm's 
strategic efforts (e.g., service transition strategies) on firm 
value must consider how those efforts facilitate the integra- 
tion, combination, and utilization of firm resources and 
capabilities over time and within the firm's environmental 
context. Using this logic, we investigate the impact of a 
firm's service transition strategy on its value by evaluating 
how a shift from products to services might influence its 
ability to configure its tangible and intangible resources 
within changing market conditions. 

We identify four major mechanisms through which ser- 
vice transition strategies affect firm value: leverage of 
knowledge and resources, increased customer loyalty, loss 
of strategic focus, and organizational conflict. Whereas the 
first two mechanisms work in a positive direction and 
strengthen the positive effect of service transition strategies 
on firm value, tbe latter two have a negative impact on this 
relationship. 
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Positive Effects of Service Transition Strategies 
on Firm Value 


Leverage of knowledge and resources. A firm can lever- 
age its knowledge and resources, accumulated from manu- 
facturing products for specific customer applications, to ser- 
vice extensions. Markides and Williamson (1996) argue that 
knowledge and resource spillovers help firms exploit syner- 
gies between their manufacturing and services, which 
results in cost savings and competitive differentiation 
advantages. For example, as a manufacturer transitions into 
service domains, such as integrated solutions, it can achieve 
cost advantages over its competitors by sharing both tangi- 
ble resources (e.g., local offices, call centers) and intangible 
resources (e.g., customer relationships, brand image). Fur- 
thermore, this resource spillover between product and ser- 
vice offerings can facilitate the complexity and causal 
ambiguity of its resource endowments, protecting them 
from imitation by competitors (Reed and DeFillippi 1990). 
Thus, neither offshore product-only competitors nor local 
service-only suppliers will be able to replicate the recipro- 
cal spillover benefits and synergies of an integrated product/ 
service provider. 


Increased customer loyalty. Service transition strategies 
often make the total offering more intangible and difficult to 
evaluate, which decreases market transparency and 
increases a customer’s perceived purchase risk. Moreover, 
increased service content typically requires increased 
customer-seller interaction levels to deliver the offering. 
Because exchanges embedded in strong relationships are 
more adaptable and feature higher levels of trust and coop- 
eration, differences in products versus services make strong 
seller relationships more important among customers who 
purchase services than among those who buy products 
(Bolton, Grewal, and Levy 2007). In their meta-analysis of 
the effectiveness of relationship marketing, Palmatier and 
colleagues (2006, p. 150) report that “strong relationships 
appear to be more effective for building customer loyalty 
and improve seller performance for service versus product 
offerings.” 

As a result of the changing characteristics of the total 
offering, intangible relationships and brand assets become 
more valuable to customers (e.g., by reducing perceived 
risk and increasing exchange flexibility), which in turn cre- 
ates higher customer loyalty, more pricing power, greater 
opportunities to cross- or upsell, and more cooperative cus- 
tomers (e.g., who are willing to spend time with or disclose 
information to a seller). Loyalty-induced increases in cus- 
tomer cooperation and knowledge sharing also enhance a 
seller's ability to respond to changing environmental condi- 
tions through resource reconfigurations. In the aggregate, 
extending a manufacturer's businesses into the service 
domain can help build significant customer equity, as 
reflected by the total discounted lifetime value of a firm's 
customers, which increases its overall valuation (Rust, 
Lemon, and Zeithaml 2004). 


Negative Effects of Service Transition Strategies 
on Firm Value 


Loss of strategic focus. Service transition strategies also 
involve several important drawbacks. Firms often operate 


under resource constraints, and adopting a service transition 
strategy may involve sacrificing the level of resource inputs 
to its core product and manufacturing competencies (Bour- 
geois 1981). In other words, the combined resource require- 
ments of core product activities (e.g., research and develop- 
ment, manufacturing improvements) and service activities 
may dilute firm resources, such that neither business has 
sufficient resources to achieve the critical mass to succeed. 
Overall, spreading a firm's resources between an existing 
business and a new business that requires new skills, capa- 
bilities, and competencies should have a negative impact on 
a firm's financial performance and, ultimately, on its market 
valuation, at least in the short run. These negative effects 
likely remain until the firm develops the core capabilities 
and competencies needed for the new business to compete 
effectively and for managers to learn to allocate resources 
optimally across the different domains. 


Organizational conflict. Service and product/manufac- 
turing businesses require different organizational processes, 
cultures, leadership, and structures (Deshpandé, Farley, and 
Webster 1993; Vargo and Lusch 2004). Researchers have 
proposed that a culture focused on “people” is critical for 
service success (Bharadwaj, Varadarajan, and Fahy 1993), 
whereas performance in product markets depends relatively 
more on an organizational culture that stresses technology 
innovation and product value. Cost considerations in early 
stages of service transition strategies prevent most firms 
from structurally separating the businesses, which means 
that they integrate mixed organizational elements (e.g., 
process, culture) within the same entity. Thus, transitioning 
to services may create internal confusion, tension, and even 
outright conflict (Krishnamurthy, Johansson, and Schliss- 
berg 2003). Such conflict within the organization can 
reduce employees' motivation and effort, undermine 
resource utilization and productivity rates, and cause sub- 
optimal resource deployments and configuration decisions, 
which in turn undermine the firm's ability to create value. 

We use these four mechanisms—leverage of knowledge 
and resources, increased customer loyalty, loss of strategic 
focus, and organizational conflict—as a framework for 


understanding why the effect of service transition strategies 
on firm value may vary systematically across firms, accord- 
ing to firm- and industry-level factors. Previous RBV 
researchers, such as Black and Boal (1994), have argued 
that the effect of a firm's strategic choice on its value 
depends on the fit of the strategic choice with the firm's 
underlying competencies, resource levels, and market posi- 
tion. Consistent with their argument, we investigate three 
firm-specific factors: service relatedness, resource slack, 
and market share. In addition to firm-specific factors, the 
RBV holds that the industry context must be considered to 
understand the effect of a firm's strategic initiative on per- 
formance (Amit and Schoemaker 1993) and distinguishes 
three industry-level context factors: (1) industry growth, (2) 
industry turbulence, and (3) industry competition (Jaworski 
and Kohli 1993). Although these factors can be examined 
for any industry, according to the RBV, the firm's core 
industry is especially pertinent (Srivastava, Fahey, and 
Christensen 2001). Therefore, we focus on the firm's core 
product industry. 

Our goal is to develop hypotheses regarding the likely 
net moderating effect of a particular contextual factor on the 
impact of service transition strategies on firm value by con- 
sidering the four mechanisms through which such effects 
may transpire. Note that the mechanisms may work in 
opposite directions. We summarize our expectations in 
Table 1, in which we use a “+” (*—") to indicate that a par- 
ticular contextual factor strengthens (weakens) the mecha- 
nism and blank spaces to imply that we do not expect a 
strong impact in either direction. In the next section, we 
develop the rationale for our expectations. 


Hypotheses 


Effect of Service Ratio on Firm Value 

We capture the notion of service transition with the concept 
of service ratio, which refers to a firm's progress in imple- 
menting a service transition strategy, according to the por- 
tion of the firm's total revenue that results from services. 
Thus, rather than capturing a firm's strategic thrust or 


TABLE 1 
Effect of Moderators on Mechanisms Influencing Service Transition Strategy Effectiveness 





Positive Mechanisms 


Leverage of 
Knowledge and Increased 

Moderators Resources Customer Loyalty 
Firm-Level Factors 

Service relatedness + + 

Resource slack 

Market share + 
Industry-Level Factors 

Growth | 

Turbulence t + 

Competition + + 


Negative Mechanisms 


Loss of Strategic Organizational Hypothesized Net 

Focus Conflict Effect 
— – + He 
= “у + Нз 

+ + Indeterminate H4 
+ + — Hg 
= + Hg 
+ H7 


Notes: Positive (negative) signs represent moderating, conditions that strengthen (weaken) the effects of positive and negative mechanisms on 
firm value. For example, "+" indicates that the relatedness of a service offenng increases the positive Impact of knowledge and resource 
splilover on firm value, and “~ implies that the relatedness of a service offering decreases the negative impact of the loss of strategic 


focus on firm value. 
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“vision,” the service ratio represents the firm's actual sales 
from services. 

We use Tobin's q as a proxy for our dependent 
variable—firm value. Tobin's q is the ratio of the market 
value of the firm to the replacement cost of its assets. The 
long-term equilibrium market value of a firm should equal 
the replacement costs of its assets. Tobin's q captures 
increases in a firm's market value due to unmeasured intan- 
gible assets (Bharadwaj, Bharadwaj, and Knosynski 1999), 
such as enhanced loyalty from service strategies. It is 
widely used as a measure of firm value in both the market- 
ing and the finance literature. Table 2 provides selected 
references and research contexts. 

Аз a performance metric, Tobin's q has several advan- 
tages for the purposes of our study (Anderson, Fornell, and 
Mazvancheryl 2004; Lee and Grewal 2004; Srinivasan 
2006). Because it is based on stock prices, it is forward 
looking and risk adjusted, integrates multiple dimensions of 
performance (sales, profits, cash flow, earnings volatility), 
and is less easily manipulated by managers than other mea- 
sures (Srivastava, Shervani, and Fahey 1998). Service tran- 
sition strategies represent a fundamental shift in a firm's 
strategic direction. Therefore, they should affect the firm's 
financial performance in diverse ways for many years into 
the future, and a Jag may exist between changes in service 
ratio and various single-year financial performance mea- 
sures. Thus, when linking the service ratio to any single 
measure of a firm's annual performance (e.g., sales, profits, 
cash flow), many performance measures may not detect the 
actual impact of the service transition strategies. However, 
because Tobin's q reflects the market's expectation of the 


firm's future performance, it is immediately responsive to 
strategic changes and captures their impact over multiple 
years (Lee and Grewal 2004). 

Our hypothesis development focuses on how service 
ratio affects firm value (as measured by Tobin's q) through 
the previously identified positive and negative mechanisms 
that can affect multiple aspects of firms' intangible assets 
(e.g., loyalty, brand, relationships). We submit that for low 
service ratios, the impact on firm value is minimal because 
the negative effects of a loss of strategic focus and internal 
conflict outweigh the positive effects of resource spillover 
and increased customer loyalty. However, when a manufac- 
turer's service intensity increases beyond a certain level, the 
synergies between its products and services—developed 
through greater knowledge and resource spillover, increases 
in customer loyalty and cooperation, and the leverage 
gained from intangible assets (e.g., brand) —likely outweigh 
the negative effects. This positive effect also becomes rein- 
forced by the weakening of the negative effects of service 
transition strategies due to learning effects. Therefore, as 
the firm attains higher levels of service content, it should 
gain the required competencies and skills, implement the 
necessary organizational changes, and build the experience 
needed to manage a service-based business, all of which 
undermine the negative mechanisms. Thus: 


Hj: At low levels of the service ratio, the effect of service 
transition strategies on firm value (Tobin's q) is minimal; 
as the service ratio increases beyond a critical level, the 
effect of service transition strategies on firm value 
(Tobin's q) becomes increasingly positive. 


TABLE 2 
Selected Marketing and Finance Literature Using Tobin's q as a Measure of Firm Value 


Reference 


Context Use of Tobin's q 
a ТО ИЕ Ч. 
Marketing Literature 


Bharadwaj, Bharadwaj, and 


Knosynski (1999, p. 1011) 


Simon and Sullivan (1993, 
p. 28) 


Rao, Agarwal, and Dahlhoff 
(2004, p. 132) 


Finance Literature 
Allayannis and Weston 
(2001, p. 244) 


Bebchuk and Cohen (2005, 
p. 409) 


Cronqvist and Nilsson 
(2003) 


Mackay and Moeller (2007, 
p. 1381) 


Investigates the impact of information technology (IT) 
investments on firm value, or as the authors state, 
“q ratio provides a better measure of the value created 
by IT Investment? 


Investigates the Impact of brand equity “on the financial 
market value of the firm” 


Investigates the impact of brand strategy on “firm value 
(as measured by Tobin's q)” 


investigates the impact of foreign currency derivatives 
on “firm market value, as captured by Tobin's q^ 


Investigates the impact of board membership on "firm 
value (as measured by Tobin's q)? 


Investlgates the impact of controlling minority 
shareholders on firm value using Tobin's q as a proxy 
for firm value. 


Investlgates the impact of corporate risk management 
on “firm market value (using Tobin's q as a proxy)" 
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Uses Tobin's q as an indication 
of "true contributlon to firm 
value.” 


Uses Tobin’s q as a measure of 
financial market value of firm. 
Uses Tobin's q as a measure of 
firm value. 

Uses Tobin’s q as a measure of 


firm value. 


Uses Tobin's q as a measure of 
firm value. 


Uses Tobin's q as a measure of 


firm value. 


Uses Tobin's q as a measure of 
firm value. 


Firm-Level Moderating Factors 


Service relatedness. Service relatedness indicates the 
extent to which a manufacturer’s service business links to 
its core product business. In certain service extensions, such 
as integrated solutions that bundle services around a prod- 
uct (e.g., maintenance of aircraft engines), product and ser- 
vice offerings are related operationally to each other, and 
the knowledge requirements overlap. In contrast, other ser- 
vice extensions have little overlap or commonality between 
the product апа service offering, such as manufacturing 
high-tech electronic components and offering financial ser- 
vices. The degree of service relatedness should affect both 
the positive and the negative pathways that link service 
ratios to firm value. 

When the service offering is more closely related to a 
firm’s core manufacturing business, the knowledge devel- 
oped and resources used in manufacturing can be more eas- 
ily leveraged to the service area, which results in greater 
knowledge and resource spillover (Varadarajan 1986). For 
example, an engine manufacturer can leverage its knowl- 
edge in engineering and manufacturing when its service 
extension is engine maintenance rather than financial 
services. 

The customers’ perceptions of “product fit," or the 
extent to which customers perceive the product and service 
offerings as compatible or complementary, can also play a 
significant role in how they respond to the product and ser- 
vice bundle, their attitude toward the supplier, and eventu- 
ally their level of firm loyalty (Simonin and Ruth 1998). 
Therefore, when customers perceive a higher level of relat- 
edness between a firm’s product and service offerings, they 
sense lower evaluation and performance risks and display 
higher loyalty toward the seller. Overall, the two positive 
mechanisms linking service ratios to firm value should be 
enhanced by service relatedness as a result of the more effi- 
cient resource and knowledge spillover effects and by 
strengthening the risk reduction effect of intangible rela- 
tionships and brand assets. 

Finally, when services are related to the firm’s core 
product business, there is less danger of a loss of strategic 
focus. Because service-focused tasks relate better to ongo- 
ing product-focused tasks, fewer incremental or dedicated 
resources are required. Service relatedness also should 
reduce problems stemming from tension or conflict among 
divergent organizational foci because the similarity among 
the operational and knowledge requirements should pro- 
mote more convergence among perspectives and processes 
(Homburg and Bucerius 2005). Thus: 


Но: Service relatedness positively moderates the effect of ser- 
vice ratio on firm value (Tobin’s q). 


Resource slack. Resource slack refers to the cushion of 
excess resources that the firm can use in a discretionary 
manner (Bourgeois 1981). It enables managers to allocate 
resources to opportunities or needs dynamically, without 
“stealing” funds from another use (Sharfman et al. 1988). 
Because resource slack supports new investment without 
constraining existing projects, the proposed negative mech- 


anism for the effect of service ratios on firm value due to 
shifting resources is attenuated as resource slack increases. 

Resource slack also plays a crucial role in resolving 
conflict among different organizational entities that must 
compete for limited resources and thus mitigates another 
potential short-term, negative effect of service transition 
strategies. It acts as an "organizational shock absorber" that 
provides managers with the dynamic flexibility to respond 
to market conditions and exploit unforeseen high-return 
opportunities, without the organizational conflict inherent 
in competition for scarce resources (Bourgeois 1981; Eisen- 
hardt and Martin 2000). Thus: 


Нз: Resource slack positively moderates the effect of service 
ratio on firm value (Tobin’s q). 


Market share. For a given level of the service ratio, a 
firm with a larger market share in its primary business 
markets should be better positioned to leverage its knowl- 
edge (e.g., wide, diverse product offerings) or resources 
(e.g., large, diverse customer base) than its lower-share 
competitors (Boulding and Staelin 1990). Similarly, firms 
with high market share should be able to leverage existing 
relationship and brand resources better than competitors 
with lower market share, which results in higher returns 
from their service transition efforts (Szymanski, Bharadwaj, 
and Varadarajan 1993). 

Counteracting these beneficial effects, high market 
share may enhance both negative pathways between service 
ratios and firm value. The opportunity cost of shifting 
resources away from product initiatives to service initiatives 
should be more detrimental for entrenched leaders than for 
firms with smaller market share in their core business, as 
should the negative effect on firm value due to productivity 
losses, slower decisions, and general discord as a result of 
implementing service-focused organizational changes. 
Thus, on the basis of these conflicting effects, we offer a 
nondirectional, moderating hypothesis: 


На: The firm's market share moderates the effect of service 
ratio on firm value (Tobin’s q). 


Industry-Level Moderating Factors 


Industry growth. The opportunity cost associated with 
shifts in resources from products to untested new service 
initiatives is greater in fast-growing product industries 
(Green, Barclay, and Ryans 1995) because the effect of 
stealing resources and lowering productivity, motivation, or 
decision speed due to organizational realignments to sup- 
port service initiatives is more detrimental on firm perfor- 
mance in such markets. From an RBV perspective, product- 
based assets are more valuable in fast-growing industries, 
and any action that negatively affects the full deployment of 
these valuable assets undermines the firm's financial perfor- 
mance and overall market value (Mehra 1996). Thus: 

Hs: The growth rate 1n the firm's core product industry nega- 

tively moderates the effect of service ratio on firm value 
(Tobin's q). 
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Industry turbulence. Knowledge gained from close 
interfaces with customers is a more valuable resource for 
firms 1n industries with rapidly changing customer demands 
and preferences (Jaworski and Kohli 1993), but because 
competitors without product-based linkages are less likely 
to have access to accurate and timely knowledge about cus- 
tomers' needs, knowledge spillovers from product- to 
service-based offerings should be a more valuable asset 
with a greater impact on firm value in more turbulent indus- 
tries (Kumar, Subramanian, and Yauger 1998). Alterna- 
tively, in stable industries with little change, even outsiders 
can determine customers' needs and preferences (e.g., from 
industry reports or consultants), so firms with existing prod- 
uct sales gain little opportunity to arbitrage their position. 

Industry turbulence should also enhance the other posi- 
tive pathway for the effect of service ratio on firm value, in 
that customers in volatile industries perceive a higher 
degree of risk (evaluation and performance) when purchas- 
ing the often-changing products and services (especially if 
they are interrelated), so their decision making likely relies 
more on the confidence generated from supplier brands and 
ongoing relationships. Therefore, firms' existing intangible 
resources (e.g., brands, relationships) are more fully lever- 
aged through service offerings in volatile industries than in 
stable industries. Furthermore, the loss of strategic focus 
associated with service transition strategies may be less 
problematic in turbulent industries because diversification 
into other activities, especially Jess volatile services, may 
provide a more diversified portfolio that helps stabilize firm 
earnings and cash flows and increase the chances of sur- 
vival (Zahra, Ireland, and Hitt 2000). Thus: 


Hg: Turbulence in the firm's core product industry positively 
moderates the effect of service ratio on firm value 
(Tobin's q). 


Industry competition. Finally, as competition increases, 
firms without valuable, difficult-to-imitate resources per- 
form poorly and are driven out of business. Researchers 
argue that as industries mature and competition increases, 
the differential competitive advantage generated by unique, 
difficult-to-duplicate tangible and intangible resources 
becomes even more important (Hunt and Morgan 1995). 
Thus, the cost savings and synergistic benefits from 
resource and knowledge spillovers, as well as the enhanced 
customer loyalty generated from service offerings, likely 
become more critical to firm value as industry competition 
increases (Kumar, Subramanian, and Yauger 1998). In 
industries with little competition, all firms—even those 
without rare or valuable resources—may generate accept- 
able profits, but as competition increases, differential 
resource advantages become more important drivers of firm 
value. Overall, resource enhancements (i.e., spillover and 
leverage of intangible assets) from service transition strate- 
gies that provide sources of differentiation should have a 
greater impact on firm value as competitive rivalry 
increases. Thus: 

Ну: Competitiveness in the firm's core product industry posi- 

tively moderates the effect of service ratio on firm value 
(Tobin's q). 
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Methodology 


Data 

We focus our investigation of service transition strategies 
on U.S.-based, publicly traded manufacturing firms with 
primary Standard Industrial Classification (SIC) codes of 
28—39 over a 16-year period, from 1990 to 2005. These SIC 
codes cover a wide range of manufacturing industries, 
including chemical products, industrial machinery, elec- 
tronic equipment, and transportation equipment. We obtain 
the data from multiple sources, including the COMPUSTAT 
Industrial Annual and COMPUSTAT Business Segments 
databases, as well as the U.S. Department of Commerce. 


Measures 


Firm value. As we mentioned previously, we use 
Tobin's q as a measure of firm value, relying on data 
obtained from the COMPUSTAT Industrial Annual data- 
base. We use Chung and Pruitt's (1994) method to calculate 
Tobin’s а: 
qs MVE + PS + DEBT 


0 ТА 


where MVE is the closing prices of shares at the end of the 
financial year x number of common shares outstanding, PS 
is the liquidation value of outstanding preferred stock, 
DEBT = (current liabilities — current assets) + (book value 
of inventories) + (long-term debt), and TA is the book value 
of total assets. 


Service ratio. The data for the service ratio come from 
the COMPUSTAT Business Segment database, which pro- 
vides firm sales revenue for different business operating 
segments, as defined by the firm’s management. From the 
description of these business segments and their respective 
SIC codes, we divide them into service and nonservice. For 
example, a business segment consists of a service when the 
description of the segment is "global service" with an SIC 
code of 7379 or “financial service” with an SIC of 6153. 
Because in some cases the description of the business seg- 
ments does not exactly match the SIC code, we used two 
independent judges to evaluate both the SIC code and the 
description and categorize each business operating segment. 
Differences (<5%) were resolved through discussion. To 
maintain a conservative measure, business segments that 
could not be definitively categorized appear in the nonser- 
vice category. Using these data, we calculate the service 
ratio as the percentage of sales revenues in all service busi- 
ness segments compared with the total sales revenue of 
each firm in a given year. 

Note that many firms do not report sales in separate 
business segments, which represents a voluntary managerial 
disclosure. Therefore, we include only firms that report at 
least one year of sales in a segment categorized as a ser- 
vice.! After identifying these firms, we calculate their ser- 
vice ratios from 1990 to 2005. р 


1Та practice, after firms in our study reported sales revenue from 
services, they continued to report service sales in 87% of the sub- 
sequent years 


Service relatedness. The data pertaining to service relat- 
edness also come from the COMPUSTAT Business Seg- 
ment database. For all sales in service categories identified 
in the service ratio calculation, we categorize the service 
sales as related or unrelated to the core product business, 
such that service relatedness documents the extent to which 
the manufacturer's service business links to its core product 
business. Two expert judges evaluated each business seg- 
ment categorized as a service business and independently 
determined whether the service was related or unrelated to 
the core product business. Any differences (<5%) were 
resolved through discussion. For example, all business seg- 
ments described as “integrated solutions,” “solutions and 
software,” and “product service” are categorized as related 
services, whereas those described as “distribution,” “‘retail,” 
“financial service,’ and “credit” are categorized as unre- 
lated services. More specifically, firms with only one ser- 
vice business segment are assigned either a 1.0 (100% 
related) or .0 (0% related) with regard to their core product 
business. 

Next, for any firm with multiple business segments cat- 
egorized as services, we use a sales revenue weighted aver- 
age to determine the measure of firm service relatedness. 
For example, if a firm has two service segments, one that is 
unrelated to the firm’s core business and represents one- 
third of the total sales in services and one that is related to 
the firm’s core business and represents two-thirds of the 
total sales in service, that firm receives a service relatedness 
score of .67. 


Resource slack and firm market share. Consistent with 
Lee and Grewal (2004), we use factor scores, calculated 
through principal components analysis from two financial 
ratios—(1) retained earnings to total assets and (2) working 
capital to total assets—to assess resource slack. Retained 
earnings capture the resources that a firm decides to main- 
tain for unforeseen eventualities and implementation strate- 
gies (Bourgeois 1981), and working capital indicates the 
firm's current assets less its current liabilities, which typi- 
cally include inventory, account receivables, and cash. Firm 
market share reflects a ratio of a firm's overall sales reve- 
nues to the sales revenues of all firms in the same four-digit 
SIC code industry. Thus, a firm's market share represents 
the firm's share in its primary business market. We obtain 
data from the COMPUSTAT Industry Annual database for 
these measures. 


Industry growth, turbulence, and competition. Our mea- 
sures of industry growth and turbulence are consistent with 
previous research (e.g., Finkelstein and Boyd 1998). For 
industry growth, we first regress sales revenues in the firm's 
core product industry (four-digit SIC) across the prior four 
years (ie., time is the independent variable). Next, we 
divide the slope coefficient obtained from this regression by 
the mean value of tbe industry sales for those years (to 
adjust for absolute industry size) to arrive at the growth 
score for each industry. 

For industry turbulence, we first calculate the standard 
deviation of sales in the firm's core product industry across 
the prior four years and then divide it by the mean value of 
industry sales for those years. Industry competition reflects 


a Herfindahl index. In the firm's core product industry, we 
square each firm's market share and take the sum over all 
firms. Because we are interested in industry competition, 
not its concentration, we subtract this sum from 1. We 
obtain the data for these measures from the COMPUSTAT 
Industry Annual database. 


Control variables. We also include several time-varying 
control variables in our model. We control for firm size, 
measured as the log-transformation of the number of full- 
time employees in the company. We control for firm prof- 
itability using return on assets (ROA), measured as the 
firm's operating income divided by its total assets. At the 
industry level, we control for advertising intensity because 
heavy industry advertising creates differentiation, barriers 
to entry, and quasi-monopolistic profits. We calculate indus- 
try advertising intensity as mean advertising expenditures 
divided by mean sales in the firm's core product industry. 
We obtain the data for both these measures from the COM- 
PUSTAT Industry Annual database. 

We also control for the rate of growth in services, 
weighted by sales, across the applicable service industries 
for each firm, thus recognizing that the impact of the ser- 
vice ratio on firm value may not be solely due to the effect 
of transitioning from product to service, as proposed herein, 
but also due to improved firm performance as a result of 
inherently higher growth rates in the service segments tar- 
geted by the firm. Similar to industry growth, we first 
regress the annual average sales of the service industry 
(four-digit SIC) into which the firm has expanded across the 
preceding four years and then divide the slope coefficient 
obtained from this regression by tbe mean value of the 
industry sales for those years, which represents the growth 
score for that industry. For firms entering into more than 
one four-digit SIC service category, we first calculate the 
service growth in each of the service categories and then 
calculate a service revenue weight average based on the 
sales in each service category. Finally, to control for 
changes in economic growth over the period evaluated, we 
include gross domestic product (GDP) growth, according to 
data from the Bureau of Economic Analysis of the U.S. 
Department of Commerce. 

A total of 2748 observations across 477 manufacturing 
firms from 1990 to 2005 appear in our model. The average 
service ratio in our sample increases steadily from 8.996 in 
1990 to 42.296 in 2005, which demonstrates the strong 
prevalence of service transition strategies for the firms in 
this sample during this period. Table 3 summarizes the 
descriptive statistics and correlations for all measures, 
pooled across firms and time. 


Estimation 


Our data have a panel structure, in that we have time series 
of observations for multiple firms. This requires special 
attention to several estimation issues. First, Tobin's q may 
be nonstationary, which could cause biased estimates 
(Cuthbertson and Gasparro 1995). However, in our sample, 
a significant panel unit root test (X2 = —24.35, р < .01) indi- 
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cates that Tobin's q is stationary (Cameron and Trivedi 
2005; Levin, Lin, and Chu 2002). 

Second, serial correlation of Tobin's q can be problem- 
atic because it may bias parameter estimates. For our sam- 
ple, the panel Durbin-Watson statistic (1.46, p « .05) indi- 
cates that autocorrelation is not a major issue (Baltagi 1995; 
Bhargava, Franzini, and Narendranathan 1982). However, 
to control for any unobserved firm heterogeneity, we 
include firm-specific effects in the model (Jacobson 1990). 
This has the added advantage of also reducing any serial 
correlation in the errors (Cameron and Trivedi 2005). More- 
over, for data with many cross-sectional observations and 
limited periods, Cameron and Trivedi (2005, p. 725) recom- 
mend basing the statistical "inference on panel-robust stan- 
dard errors that do not require specifying a model for the 
error correlation." We employ the White period robust coef- 
ficient variance estimator for statistical inferences (Arellano 
1987), which is designed to accommodate arbitrary serial 
correlation in the disturbances. We calculate it as follows: 


-l 


—1 
o (ee) Eom) (anm [s] 


where N* is the number of observations and K* is the num- 
ber of parameters estimated. 

Third, the Hausman (1978) specification test is signifi- 
cant (p < .05), which indicates that the random-effects treat- 
ment of unobserved heterogeneity is not tenable. Therefore, 
we adopt the following two-way, fixed-effects panel model: 





(3) у 7 UO; +Y, + X; &, 


where 


ун = tobin's q for firm i in period t, 
v = the overall constant, 
оҳ = the firm-specific constant, 
ү, = the year-specific constant, 
B =a vector of the influence of the independent 
variables, 
1 = the independent variables, and 
£j; = the error term, such that E(ei) = 0 and E(e2) = 
бе. 


Consistent with Ну, we specify a nonlinear effect for the 
service ratio in our model. We expect that service transition 
strategies begin to contribute to firm value only after a crit- 
ical mass of service activity, and thus we anticipate that the 
linear effect will be significantly negative and that the qua- 
dratic effect will be significantly positive. (If both effects 
are positive, service transition strategies contribute to firm 
value at all levels of service ratios.) 

In H5-H;, we address the moderating effects of firm and 
industry factors on the performance implications of service 
transition strategies; we obtain support for these hypotheses 
if the coefficient for the linear and/or quadratic term of the 
service ratio with the moderator is significant and has the 
anticipated sign. Specifically, a positive (negative) modera- 
tor coefficient indicates a more positive (negative) effect on 
firm value as the service ratio increases. The moderator 


effect is especially strong if the moderator x (service ratio)? 
is significant. 

As we mentioned previously, we include five control 
variables: firm size, firm ROA, industry advertising inten- 
sity, growth in services, and GDP growth. We also include 
the main effects of the moderators. For the proper interpre- 
tation of our focal moderator effects, we must include the 
simple main effect of the moderators as control variables. 
We first estimate a main-effects-only model (Model 1) and 
then add the 12 interaction terms and conduct our hypothe- 
sis testing on Model 2 (Table 4). 


Results 


In Table 4 (Model 2), we present the results for the full 
model. The significant, positive effect of the quadratic term 
of service ratio (b = 1.15, p « .05) indicates that the effects 
of service transition strategies on firm value are not con- 
stant but rather increase at a progressive rate at higher levels 
of service transition. The negative linear effect (b = –.68, 
р < .05) further reveals that at low levels of a service transi- 
tion strategy, the effect on firm value is minimal or even 
slightly negative. We depict this relationship graphically in 
Figure 1 and show that a service transition strategy has no 
appreciable impact on firm value in the 0%—20% range. А 
slight curvature reaches a minimum at approximately 15%, 
but the decline in firm value is not significant. Only when 
service intensity moves into the 2096—3096 range do service 
transition strategies begin to influence firm value positively 
and at a rapidly increasing rate. Thus, we find support for 
Hj. 

Н,-Н; pertain to the moderating effects of firm- and 
industry-level factors on the relationship between service 
ratios and firm value. Specifically, H, predicts that service 
relatedness positively moderates the relationship between 
the service ratio and firm value; we find support for this 
claim because the interaction term between (service ratio)? 
and service relatedness is positive and significant (b = 1.67, 
p « .05). In addition, H4 is supported because a firm's 
resource slack positively moderates the relationship 
between (service ratio)? and firm value (b = .27, p « .05). 
However, we do not find support for На; the interaction 
terms between firm market share and service ratio are not 
significant. 

Regarding the moderating effects of industry-level fac- 
tors on the relationship between service ratio and firm 
value, we find that industry growth negatively moderates 
the relationship between service ratio and firm value; the 
interaction term between industry growth and (service 
ratio)? is negative and significant (b — —7.89, p « .05), in 
support of На. Industry turbulence positively moderates the 
impact of service ratio on firm value (b — 19.34, p « .05). 
Finally, because industry competition does not significantly 
moderate the relationship between service ratio and firm 
value, we reject H;. 

To clarify these results, we plot the relationship between 
service ratio and firm value for the high and low conditions 
of each significant moderating factor (1.е., two standard 
deviations above and below each moderator's mean). Figure 
2 reveals the relationships between service ratios and firm 
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TABLE 4 
Results: Effect of Service Transition Strategles on Firm Value 


Varlables 


Firm Value (Tobin’s д) 





Hypotheses Model 1 Model 2 
Intercept 1.08 (.26)* 113 (.23)** 
Main Effects of Service Ratio 
Service ratio Н; —42 (24) —68 (37) 
Service ratio? H4 1.22 (.56)* 1.15 (.65)* 
Moderating Effects 
Service ratio x service relatedness —1.01 (.92) 
Service ratio? x service relatedness Hp 1.67 (.92)* 
Service ratio x firm resource slack —10 (11) 
Service ratio? x firm resource slack Hs 27 (14% 
Service ratio x firm market share 2.03 (1.76) 
Service ratio? x firm market share На —5.78 (4.00) 
Service гаНо x industry growth —1.76 (2.05) 
Service ratio? x Industry growth Hg —7.89 (4.06)* 
Service ratio x industry turbulence 3.57 (4.46) 
Service ratio? x Industry turbulence Hg 19.34 (10.23)* 
Service гаНо x Industry competition —2.78 (2.66) 
Service ratio? x industry competition H7 8.02 (6.33) 
Control Variables 
Service relatedness 07 (22) —22 (.25) 
Firm resource slack —03' (.01)* —12 (.03)* 
Firm market share 997 (.56)* 1.83 (1.14) 
Industry growth .94  (.66) 64 (.54) 
Industry turbulence —37 (97) —51 (91) 
Industry competition —29 (.63) —41 (.68) 
Industry advertising Intensity 18 (.19) .06 (.22) 
Firm size —21 (.06)** —.43 (.22Y 
Firm ROA 1.32  (.26)“ 1.15 (.24)** 
Growth in services .23 (.35) .56 (.40) 
GDP growth 5.84 (3.03)* 6.17 (3.24)* 
R2 57 .69 
Adjusted R2 54 61 
F-statistics 8.32** 8.84** 
*p«.05 
**p < .01. , 


Notes: We report unstandardized coefficients with White perlod standard errors in parentheses (Arellano 1 987). 


value for the two significant firm-level moderators, and 
Figure 3 duplicates this portrait for the industry-level 
moderators. 

Figure 2, Panel A, documents the importance of service 
relatedness. If the firm moves into services unrelated to its 
core product business, the positive effect of services mostly 
disappears over a broad range of service ratios. However, if 
the firm's service transition strategy fits with its product 
strategy, the effect is strong and increasingly positive, espe- 
cially when service intensity surpasses a critical level of 
approximately 20%. Comparing the high- and low- 
resource-slack conditions reveals similar shapes in both 
conditions; at a given service ratio, higher resource slack 
generates slightly higher levels of firm value (Figure 2, 
Panel B). 

In addition, in high-growth industries, service transition 
strategies decrease firm value across the full range of ser- 
vice ratios, as we show in Figure 3, Panel A. In low-growth 
industries, the service ratio has a positive impact on firm 
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value at an increasing rate. The impact of industry turbu- 
lence on the relationship between service ratios and firm 
value also varies dramatically from high to low conditions 
(Figure 3, Panel B). With high industry turbulence, service 
sales positively influence firm value at an increasing rate, 
such that the effect becomes noticeable after service inten- 
sity surpasses a critical level of approximately 1596—2096. 
In contrast, service transition strategies have a negative 
impact on firm value in low-industry-turbulence conditions. 


Discussion 


Academics and practitioners alike promote the benefits of 
shifting from a product- to a service-centric business as a 
way to improve firm performance in an era of increased 
product commoditization and global competition. Yet little 
empirical research tests whether and in what conditions ser- 
vice transition strategies actually contribute to firm value. 
This research extends the literature by providing insights 


FIGURE 1 
Firm Value Across Different Service Ratios: 
1990 to 2005 
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into the following three questions: (1) Do service transition 
strategies pay off? (2) What level of service intensity is 
required for transition strategies to be effective? and (3) 
Which factors leverage the effectiveness of service transi- 
tion strategies? 

The results from the overall sample support the notion 
that transitioning to services positively affects firm value, 
but there are two important caveats. First, the effects on 
firm value become pronounced only after the level of ser- 
vice sales reaches a critical mass, which averages approxi- 
mately 20%—30% of total firm sales. These results are con- 
sistent with our premise that shifting to services involves 
both positive and negative mechanisms and that the overall 
effect depends on their combined effect (see Table 1). 
Although the benefits of service transition strategies appear 
often in the literature, the negative mechanisms are often 
ignored or minimized (Sawhney 2006). In many cases, 
negative results are attributed to "implementation issues," 
and consultants offer guidance to prevent these problems 
(Krishnamurthy, Johansson, and Schlissberg 2003). For 
example, shifting to services typically requires managers to 
allocate their limited resources from existing product 
opportunities to new service initiatives, even though they 
have little prior experience evaluating or managing service- 
based projects. These new service initiatives also demand 
different and possibly conflicting organizational elements, 
which can undermine motivation and productivity. These 
negative mechanisms become less salient as managers and 
employees gain more experience or more service-minded 
replacements join the organization. In addition, as service 
sales increase to a meaningful level, organizational ele- 
ments can be optimized for service offerings (e.g., separate 
business units), which reduces product-service conflicts. 
These results are consistent with the argument that the 
negative effects of service transition strategies are strongest 
at low levels of service sales and diminish as the service 
ratio increases. Thus, until the service ratio reaches a criti- 
cal mass, its effects on firm value remain minimal or nega- 


FIGURE 2 
Flrm-Level! Moderators of the Effect of Service 
Ratio on Firm Value 
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tive, but after that point, the synergistic benefits of offering 
products and services and the inherent benefits of services 
become more dominant, such that the service ratio provides 
an accelerating positive effect on firm value. 

The second important caveat to the received wisdom 
regarding the value-enhancing qualities of service transition 
strategies is that the effects of service sales on firm value 
are highly contingent on the firm and industry. Transition- 
ing to services is substantially more effective for firms that 
offer services related to their core product business. Sales of 
unrelated services have little impact on firm value over the 
full range of meaningful service ratios, which suggests that 
without some spillover from existing products, any benefits 
of the inherent characteristics of services cannot overcome 
the costs of launching and maintaining a new service busi- 
ness. Without these spillover or synergistic benefits, 
product-centric firms likely find themselves hard-pressed to 
compete against more focused, service-only firms. It is 
noteworthy that service relatedness has a much greater 
impact on the performance of transition strategies than 
resource slack. Thus, choosing a transition strategy wisely 
contributes much more to firm value than having abundant 
financial resources, which offers hope for smaller compa- 
nies as well. 

Generating firm value from service transition strategies 
alse depends heavily on the characteristics of tbe firm's 
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FIGURE 3 
Industry-Level Moderators.of the Effect of Service 
Ratio on Firm Value 


A: Moderating Effect of Industry Growth 
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core product industry. Adding services to a core product 
offering is most effective for firms in slow-growth and tur- 
bulent industries, but in other conditions, service transition 
strategies may decrease firm value. The effects are similar 
for both industry factors. Firms in high-growth industries 
can destroy firm value by shifting their focus and the 
resources needed to cater to the persistent growth in the 
core product markets to services initiatives. In stable (low- 
turbulence) industries, adding services also has a negative 
effect on firm value, because product suppliers have mini- 
mal insider knowledge that they can arbitrage into spillover 


benefits, cannot offer substantial advantages by bundling’ 


products and services,.and achieve little advantage from the 
reduced volatility of service compared with product sales. 


Managerial Implications 


Business analysts note that for many firms, service transi- 
tion strategies fail to generate shareholder value. As Krish- 
namurthy, Johannsson, and Schlissberg (2003, p. 1) con- 
clude in their assessment of 60 firms transitioning into 
services, “Simply, for most companies, the pain has not 
been worth the gain.” Why might this be the case? What can 
managers do differently? 

First, companies should recognize that service transition 
strategies typically require building a critical mass in sales, 
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estimated to be 20%-30%, before they can expect positive 
effects on firm value. If anything, depending on contextual 
factors, a limited push into services may detract from firm 
value. It takes time to attain this critical mass, but time may 
be in short supply given the short-term focus of many man- 
agers (Steenkamp et al. 2005). So what can managers do? 
One solution is to accelerate the growth trajectory of ser- 
vices by acquiring existing service businesses or pricing 
services aggressively. Another solution might be to mini- 
mize the negative mechanisms that restrain the value con- 
tributions of service transition strategies. For example, by 
hiring experienced outsiders, managers could limit the 
negative impact of poorly informed decisions. Organiza- 
tional conflict also could be reduced by separating product 
and service groups or instituting incentives to increase 
cooperative efforts. 

Second, an analysis of the firm-specific moderators sug- 
gests that managers should focus their service initiatives on 
closely related businesses as much as possible so that they 
can enhance synergistic spillover benefits. A prime example 
of such service relatedness appears in the popular tactic of 
"solution selling," which involves combining products and 
service offerings. In addition, the strong interaction 
between the service ratio and service relatedness on firm 
value suggests that managers should avoid unrelated service 
initiatives. 

Third, managers should recognize the strong effect of 
industry factors on the effectiveness of adding services to 
product offerings and avoid service initiatives if their core 
product markets grow quickly or are in stable industries. 
This significant role of industry factors in the ultimate suc- 
cess of service transition strategies also calls into question 
some multidivision corporate strategies, which direct all 
business units to implement service initiatives. For exam- 
ple, Emerson's "Service Initiative," which attempts to dupli- 
cate the success of a few business units by tasking all prod- 
uct divisions to offer service solutions, regardless of the 
potential differences in their industry dynamics, likely fails 
to account for the importance of industry differences across 
each business unit's market. 

John Deere and Texas Instruments (TT), two firms in our 
sample, provide two cases in which service transition strate- 
gies generated versus did not generate firm value, depend- 
ing on contextual factors. From 1995 to 2005, John Deere's 
value increased 7696 (Tobin's q) as the company transi- 
tioned from 17% to 36% service-based sales. During the 
same period, TI’s value decreased by 3% as it increased ser- 
vices from 14% to 33% of sales. Although both firms 
launched services related to their core business, TI’s core 
industry was growing rapidly (22096), whereas John 
Deere's was shrinking in the face of high levels of industry 
competition and turbulence. Although both firms made 
similar progress in shifting to services, the strategy was 
much more effective for John Deere, which leveraged its 
trusted brand and loyal but slowly growing customer base; 
in contrast, the benefits of shifting to services for TI could 
not overcome the loss of its strategic focus on its valuable 
and fast-growing core business. 

In summary, managers should recognize that service 
transition strategies enhance firm value only (1) with a 


meaningful minimum of services, in Фе Байрак of 20%— 
3096, whereas below this critical minimum, service transi- 
tion strategies may have a negative effect; (2) if the service 
is strongly related to the firm's core manufacturing busi- 
ness; (3) when industry growth is sluggish; and (4) when 
the industry is volatile. 


Limitations and Future Research Directions 


Using longitudinal data from U.S. firms in a wide range of 
industries gathered from secondary sources has some 
important advantages (e.g., supports firm and industry 
analysis, uses objective measures rather than subjective or 
retrospective reports, provides insight into causality), but 
secondary data also have their weaknesses. We lack the nec- 
essary data to investigate the mechanisms (Table 1) through 
which moderators affect the value of service transition 
strategies directly. The consistency of our results with the 
theoretical underpinnings of our model supports our pro- 
posed positive and negative mechanisms, but additional 
research should explore this point using other methodolo- 
gies (e.g., survey-based research). Further research also 
could expand the set of moderators, for example, by collect- 
ing additional data through surveys or expert interviews. 


We link the impact of the service ratio to firm value, but 
we do not isolate the performance variables (e.g., sales, 
costs, cash flow, profits) through which this effect occurs. 
Thus, additional research should attempt to identify and iso- 
late the relative importance of different mediating perfor- 
mance variables. Moreover, we use Tobin's q as a proxy for 
firm value; further research should replicate our results 
using other valuation measures to provide a more compre- 
hensive view of the overall impact of service transition 
strategies on firm value. 

Although the United States is leading the transition to a 
service-based economy, our results also should be repli- 
cated in other economies at different development stages. 
Moreover, the RBV, which we use to support our hypothe- 
ses, could be extended to a multicountry setting (based on 
the availability of secondary data) to explore both country- 
and culture-level moderating variables. 

Our results suggest the potential for a negative impact 
of service transition strategies on firm value in certain firm 
and industry conditions, as well as the need for additional 
research to understand how to mitigate these effects. Thus, 
further research should investigate the interaction between 
implementation and context on service transition 
effectiveness. 
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Reasons for Market Evolution and 
Budgeting Implications 


Identifying market evolution is a necessary step in persistence analysis of marketing input-output relationships. 
Using the advertising-sales relationship to represent general marketing input-output dynamics, the authors 
theoretically distinguish two types of market evolution: (1) intrinsic evolution, in which sales evolve independent of 
advertising and temporary advertising can generate persistent effects, and (2) induced evolution, in which sales 
evolution is supported by sustained advertising budgets in an intrinsic-stationary market and there are no real 
persistent effects of temporary advertising. The proposed intrinsic market evolution test can identify intrinsic- 
evolving and intrinsic-stationary markets. The authors analyze five major budgeting implications and provide 
methods to quantify temporary and sustained budgeting. In general, in an Intrinsic-evolving market, budgeting can 
be short-term focused, whereas In an intrinsic-stationary market, the focus should be on sustained budgeting. 
Percentage budgeting at a sufficient level can create induced evolution. Contrary to conventional wisdom, 
temporary, intensive advertising campaigns are often not necessary. Empirical illustrations demonstrate the two 
types of evolutions and the relationships between budgeting methods and sales performance. 


Keywords: intrinsic market evolution, induced evolution, budgeting, time-series methods, persistent effects 


onsider the following scenario: After an intensive market performance (e.g., Is a temporary, intensive market- 
store promotion and exposure on the Oprah Winfrey ing campaign necessary?), and (3) how to design budgeting 


show, Slim-Fast experienced a sudden sales strategies to attain and sustain market performance. For 
increase. By closely monitoring daily store data, brand example, many marketing managers want to follow certain 
managers wanted to determine whether the sales increase budgeting methods, such as percentage budgeting, and to 
would persist or soon disappear. If the sales increase per- design temporary and intensive marketing campaigns to 
sisted, they could budget marketing efforts to expand the boost sales. Are these practices effective? 
brand. Otherwise, long-term marketing would need to be To answer these questions, we conduct a theoretical 
budgeted to sustain the brand (Busch 2007). In another intrinsic market evolution (IME) study based on a funda- 
example, with the news that Michelle Kwan would with- mental time-series model, using the advertising-sales rela- 
draw from the 2006 Winter Olympics, NBC's viewing rate tionship as an example of general marketing input-output 
suffered, and the station needed to formulate corresponding dynamics. We test whether a marketing input, such as 
changes of marketing inputs and budgeting strategies to off- advertising, is a necessary exogenous variable for market 
set the negative impact (Bauder 2006). evolution, and we distinguish two types of evolution in two 
Marketing managers often face similar situations in types of market dynamics: intrinsic evolution in intrinsic- 
which they need to know (1) when the sales performance evolving markets and induced evolution in intrinsic- 
caused by temporary (short-term) marketing' efforts will stationary markets. The proposed concepts are important to 
persist without any further marketing action and when sus- understand and quantify temporary versus sustained budget- 
tained (long-term) spending is needed to maintain sales per- ing to reach and maintain sales targets and thus are funda- 
formance, (2) what are the functions/effects of temporary mental for designing budgeting strategies. This article dis- 
versus sustained budgeting in achieving and maintaining cusses five major budgeting implications and shows that (1) 


the budgeting of advertising as a percentage of prior sales 
can be beneficial (because it maintains marketing-induced 
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Hanssens 1995a, b; Franses, Srinivasan, and Boswijk 2001; 
Srinivasan, Leszczyc, and Bass 2000). Then, parameters of 
the marketing input-output relationships under study are 
estimated by time-series vector autoregressive (VAR) mod- 
els. A limitation of this method is that it treats the under- 
lying market output-input feedback relationship as a preset 
component of the market dynamic. Thus, it does not and 
cannot differentiate whether market evolution reflects the 
intrinsic-evolving nature of the market or is a consequence 
of continuous marketing inputs. 

Theoretically, because the existing method does not 
identify causes:of market evolutions, it cannot comprehen- 
sively explain the relationships between market evolution 
and marketing inputs. For example, prior research has sug- 
gested that temporary advertising can create persistent 
effects in an evolving environment. However, if sales evolu- 
tion is a consequence of continuous advertising support 
rather than a result of the evolving nature of the market, 
such suggestion overemphasizes the effects of temporary 
advertising and misleads marketing managers to initiate 
temporary, intensive advertising campaigns. 

Practically, because the existing method treats the bud- 
geting process (i.e., market feedbacks) as a preset compo- 
nent, it reports parameters of established relationships but 
falls short in directing budgeting practices. Therefore, ‘it 
cannot address questions such as how the market dynamics 
(represented by the VAR) will change if the underlying bud- 
geting rules change or how to design a budgeting strategy to 
achieve certain market performance. 

For example, among the scenarios of temporary versus 
permanent marketing effort and response (Dekimpe and 
Hanssens 1999) observed in the market, one is called “busi- 
ness as usual” (1.е., temporary advertising change and tem- 
porary sales change), and the other is called “evolving busi- 
ness practice" (i.e., permanent advertising change and 
permanent sales change). These two scenarios may indeed 
reflect the same market nature with different (temporary 
versus permanent advertising changes) budgeting practices. 
That is, if marketing managers budget for temporary adver- 
tising changes rather than permanent advertising changes in 
the evolving-business-practice scenario, sales changes may 
become temporary. Thus, this scenario becomes a business- 
as-usual one. The existing method cannot quantitatively 
identify whether these scenarios reflect the same market 
nature and cannot advise marketing managers on how to 
change their budgeting strategy to achieve an evolving busi- 
ness practice. 

In reality, the budgeting mechanism is not a preset pre- 
sumption of marketing input-output relationships but rather 
an essential part of an active marketing management 
process of which managers can and need to take control. 
Theoretically, marketing model analysis must reflect that 
the output-input feedback mechanism is the decision of 
marketing managers rather than-an invisible market force. 
Practically, more important to marketing managers are the 
budgeting implications of a market evolution study—that is, 
how they can budget for both temporary and sustained mar- 
keting spending to achieve market/sales goals. 

Our theoretical study is fundamentally different from 
the method ш extant literature (Bronnenberg, Mahajan, and 
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Vanhonacker 2000; Dekimpe and Hanssens 1995b; Franses, 
Srinivasan, and Boswijk 2001; Pauwels and Srinivasan 
2004; Srinivasan, Leszczyc, and Bass 2000) in that we do 
not take underlying budgeting rules for granted. Rather, we 
study the relationship between budgeting and market evolu- 
tion. Whereas the existing method interprets persistence of 
marketing effects according to the evolution of market out- 
puts, we show that when an output series evolves, the 
underlying market nature can be either intrinsic evolving or 
intrinsic stationary with respect to a marketing input series 
under study. That is, by building on the market evolution 
examined by the existing method, we further distinguish 
two types of market evolution: intrinsic evolution and 
induced evolution. On the basis of this distinction, we draw 
different conclusions from the existing method about the 
sustained effects of marketing efforts, and we quantify the 
necessary sustained spending and temporary marketing 
campaign expenses within the overall marketing budget. 

Using the advertising-sales relationship as an example 
of the general marketing input-output dynamics, we outline 
the relationships among market nature, advertising spend- 
ing, and sales evolution in Figure 1. We suggest that if a 
market is intrinsic evolving, sales evolve independent of 
advertising, and temporary changes in advertising spending 
generate persistent and permanent sales changes. Such 
favorable marketing environments exist in business cases, 
such as superior product/service quality or geographic 
expansion of a strong brand, in which customers become 
loyal after they try a product. With our methodologies, man- 
agers can quickly identify and grasp these opportunities 
when information other than store data is limited. 

When a market is intrinsic stationary, temporary 
changes in advertising spending initiate sales changes, but it 
is the sustained budgeting that sustains long-term market 
performance. This means that though customers may 
respond to a market stimulus, the stimulus does not funda- 
mentally change their habitual behaviors. That is, when the 
stimulus disappears, customers gained through this method 
might return to their previous shopping choices. Marketing 
managers need to focus on sustained budgeting. Temporary, 
intensive advertising campaigns are neither sufficient nor 
necessary to achieve long-term goals. 

When an evolving sales series is observed in an 
intrinsic-stationary market, there must be a sustained adver- 
tising budget to maintain the sales evolution, or induced 
evolution. Induced evolution exists when a firm does not 
have a distinct winning market position and relies heavily 
on marketing inputs as a competition tool. 

We organize the rest of the article as follows: We begin 
by providing a brief review of the theoretical background. 
Then, we define and propose a test for intrinsic-evolving 
versus intrinsic-stationary markets and discuss induced evo- 
lution. Next, we analyze the budgeting implications. We 
provide empirical illustrations and conclude with a sum- 
mary of the main findings. 

To present our theoretical analysis, we use the 
advertising-sales relationship as an example of the general 
marketing input-output relationship. We suggest that the 
concepts and modeling methods can be used for any rele- 
vant marketing input-output analysis. 


FIGURE 1 
Relationships Among Market Nature, Advertlsing Spending, and Sales Evolution 
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Theoretical Background 


We briefly review some relevant theoretical concepts, 
including evolution versus stationarity, unit root testing, and 
a classic first-order time-series lag model. On the basis of 
these concepts, we then conduct our IME analysis. 


Statlonarity Versus Evolution and Unit Root Tests 


The stationary and evolving nature of a series, such as sales 
and advertising, can be identified through unit root tests. A 
data-generating process in unit root tests can be written as 
follows (Greene 2003): 


(1) д= 04-1 +H te, 


where 2, is a time series, ф is an autoregressive parameter, pl 
is a constant, and e, is white noise. When there is no unit 
root (i.e., |ф| « 1), the series is stationary, and any shock to 
it will decay and disappear. When there is a unit root (i.e., 
|ф| = 1), the series is evolving, and any changes to it will 
have permanent effects. Unit root tests, such as the Dickey- 
Fuller test, the augmented Dickey-Fuller test, and the 
Phillips and Perron test, are one-sided tests for hypotheses 
(Hg: ф = 1; Hi: ф < 1) (Dickey and Fuller 1979, 1981; 
Greene 2003). 


A Classic Time-Series Model 


А classic first-order time-series lag model, which we use to 
analyze the effect of advertising on sales, is as follows: 


Q) 5, =с+ 98, 1 + ВА +е, 


where S, are sales at a given time t, A, represent advertising 
expenses at time t, the model assumes that sales decay over 
time at a decay rate (1 — а), c is a constant, В is the effec- 
tiveness of A,, and e, represents market noise uncorrelated 
with S, and A,. We chose the first-order lag model not only 
because it has been widely used to study the marketing 
input-output relationship (Aaker, Carman, and Jacobson 


1982; Leone 1995; Russell 1988) but also because it has a 
simple format and demonstrates basic principles in time- 
series analysis. 

For the simplicity of market dynamic analysis and with- 
out loss of generality, in the following analysis, we consider 
only the case in which the constant c = 0 because c does not 
affect the dynamic relationship between S and A but rather 
acts as a control variable: 


93) $: = 05:1 + ВА, + е. 


IME Analysis 


In studying the persistent effects of advertising, prior 
research has inferred market dynamics by analyzing sales 
evolution and has concluded that when sales evolve, a tem- 
porary advertising change.can generate a persistent sales 
change. However, because a sales series reflects the com- 
bined results of the underlying market dynamics and adver- 
tising inputs, studying evolution of a sales series alone can- 
not separate the advertising effects from the underlying 
sales dynamics or identify the real nature of a market 
response under study. In the following IME analysis, we 
show the insufficiency of unit root tests in reflecting market 
nature and propose IME concepts and a new test. 


Intrinsic-Evolving Versus intrinsic-Statlonary 
Markets 


In testing the unit root of a sales series, we examine (from 
Equation 1) the following: 


(4) $: 7-63, itte 


The difference between Equations 2 and 4 is the advertising 
input, ВА, Without advertising effects, Equations 2 and 4 
are identical. Unit root tests on sales series can reflect the 
intrinsic market dynamics by examining the decay rate (i.e., 
1 — ф in Equation 4 or 1 — & in Equation 2). The nature of a 
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marketing environment is determined by o. That is, a = 1 


indicates an intrinsic-evolving market because the sales . 


series S, evolves independent of advertising inputs. The 
increase of S, introduced by temporary advertising will be 
sustained. In contrast, œ < 1 indicates an intrinsic-stationary 
market. The increase of S, introduced by advertising shocks 
will decay and disappear. 

With advertising effects, ф and о; are different. Because 
standard unit root tests examine ф and not а, they are not 
sufficient to identify the intrinsic market dynamics. Because 
both 5, _ | and A, (see Equation 2) affect S, we need to dif- 
ferentiate the two causes of market evolution—namely, the 
intrinsic market nature and advertising effects. 


Induced Evolution 


To differentiate the causes of sales evolution, we need to 
consider patterns of advertising budgets in relation to sales. 
Thus, we consider the following: 

А, 


(5) ыи 
t- 


From Equations 3 and 5, we can create a market-response 
dynamic, as follows: 


(6) S = (а + By)S,_1 + e 
We can denote the following from Equation 6: 
(7) ф =a + By. 


Because standard unit root tests examine ф, we show from 
Equation 7 that advertising expenditures are critical in cre- 
ating sales evolution. A sales series can evolve from an 
intrinsic-evolving market or from continuous advertising 
spending. The two causes for sales evolution refer to differ- 
ent marketing environments and pose different budgeting 
implications. Such distinction is not discussed in previous 
literature. 

Consequently, as we mentioned previously, we differen- 
tiate two types of sales evolutions: intrinsic evolution and 
induced evolution. Intrinsic evolution exists when a unit 
root is present for a sales series and а, = 1. In an intrinsic- 
evolving market, sales evolve independent of advertising 
support. Temporary advertising expenditures will lead to 
sustained changes in market performance. An intrinsic- 
evolving market is a superior business environment, for 
example, during the growth stage of the product life cycle 
or because of superior product quality, which causes cus- 
tomers to become loyal after they are attained through 
advertising. 

When a < 1 and a unit root exists in a sales series, sales 
evolution is supported by sustained advertising expendi- 
tures. This is considered induced evolution. From Equation 
7, we can create induced evolution by satisfying a budget- 
ing rule, as follows: 

1-а 


8) пр 
( У 27 B 


where ү is a threshold percentage and, thus, S, _ | is a bud- 
geting threshold. When the budgeting threshold is met, 


18 / Journal of Marketing, September 2008 


sales evolution can be observed. Induced evolution exists 
when a firm that does not have a distinct winning position 
(e.g., a company in a mature stage of the product life cycle) 
relies heavily on marketing inputs as a competition tool. 

Induced evolution is an intrinsic-stationary environment 
in disguise; that is, without advertising support, sales 
changes will decay and disappear. Such evolution is funda- 
mentally different from intrinsic evolution in that sustained 
advertising budgeting is needed to “make” a stationary mar- 
ket evolving. Most evolving situations identified in the lit- 
erature (e.g., Dekimpe and Hanssens 1995b; Ouyang, Zhou, 
and Zhou 2002) are induced evolution because unit roots 
exist but & estimates are lower than 1. We demonstrate sub- 
sequently that in induced evolution, advertising series must 
evolve to support sales evolution. 

As Figure 1 shows, an intrinsic-evolving market gener- 
ates sales evolution independent of advertising, whereas 
sales evolution appears in an intrinsic-stationary market 
only when there is adequate, sustained advertising spending 
to maintain the induced evolution. When advertising spend- 
ing is inadequate in an intrinsic-stationary market, the sales 
series will be stationary. 


IME Test 


In standard unit root tests, evolution of a single series, such 
as sales, is tested regardless of the effects of marketing 
input factors under study, such as advertising. Using stan- 
dard unit root tests might limit marketing research that elab- 
orates on interactive input-output relationships rather than 
the performance of a single series. The lack of a unit root on 
a sales series shows that the market is intrinsic stationary 
(see Figure 1). However, the presence of a unit root only 
confirms that sales are evolving. The reasons for such evo- 
lution (i.e., whether it is due to an intrinsic-evolving market 
or induced by continuous marketing inputs in an intrinsic- 
stationary market) cannot be identified. Therefore, a further 
test is needed. 

Here, we illustrate the concept of a statistical test that 
can discriminate between intrinsic evolution and induced 
evolution on the basis of the principle of the Dickey—Fuller 
test. With the same methodology, other available unit root 
tests, such as the Phillips and Perron test, can be used to test 
the nature of the market evolution. 

On the basis of the classic first-order lag model (Equa- 
tion 2), we test the following hypotheses: 


(9) Но: © = 1, and Н;: @ < 1. 


Because this test on Equation 2 has a similar structure as the 

standard unit root test, we use the principle of the Dickey- 

Fuller test. We calculate the IME test statistic as follows: 
&-1 

10 =>, 

am * SE(à) 

where SE is the standard error. We can then use the Dickey— 

Fuller critical values, cpp, to determine the single-side 

rejection region: IME, < cpp. Note that other test criteria 

(Leybourne and McCabe 1994; Pantula, Gonzalez-Farias, 

and Fuller 1994) can also be used. 


In summary, to evaluate a market dynamic, standard 
unit root tests can first be used to test sales evolution. If the 
sales series is not evolving, the underlying market is intrin- 
sic stationary. If the sales series is evolving, the proposed 
IME test can be performed to examine intrinsic evolution 
versus induced evolution (i.e., the intrinsic-stationary nature 
of the market). 

Note that the IME test is different from the cointegra- 
tion test. As a generalization of the unit root test, the IME 
test explores the intrinsic evolution of a market output (e.g., 
sales) while controlling for a marketing input (e.g., adver- 
tising). In contrast, the cointegration test explores the linear 
relationship between evolving time series. It does not 
explore the intrinsic evolution of the market output time 
series. 


Budgeting Implications 


The IME concepts and analysis can clarify the effects of 
and need for temporary versus sustained advertising under 
various market scenarios, thus guiding marketing managers 
in the budgeting process. We discuss some major budgeting 
implications next. 


Implication 1 
In intrinsic-evolving markets, budgeting of marketing 
inputs can be relatively flexible and short-term focused. In 
intrinsic-stationary markets, budgeting is a demanding 
task and should be long-term focused. 


Advertising budgets at time t, A, can be viewed as two 
components: temporary marketing effort (AD, or shock, and 
sustained marketing spending (Аў): 


a) A, = А: + AT. 


By definition, a temporary marketing effort (АТ) (e.g., 
short-term, intensive advertising campaigns) is short lived 
(.е., АТ = AT fort = T, and А; = 0 for t Т) and is often 
used to generate sudden market changes. In contrast, sus- 
tained marketing spending (A?) is a commitment for the 
long run and, in general, is nonzero for all t (or for a long 
horizon), which usually results from a planned budgeting 
strategy (or formula) for a long-term goal. For example, 
sustained marketing spending can be persistent advertising 
spending or a function of market output factors, such as 
sales. Sustained spending can be used to maintain sales evo- 
lution or a long-term (sustained) sales level.! 

In an intrinsic-evolving market, sales evolution is inde- 
pendent of advertising support, and continuous budgeting is 
not necessary (Аў = 0, Vt) to sustain sales changes caused 


„г. ——————————-————_ 


INote the difference between the terms "sustained spending" 
that we use and "maintenance spending" that Hanssens and 
Ouyang (2002) use. In Hanssens and Ouyang's study, maintenance 
spending refers to marketing costs to preserve the higher sales 
level generated by a triggering marketing effort. Maintenance 
spending is directly related to a temporary marketing effort. In 
contrast, our concept of sustained spending refers to continuous 
spending. Jt is necessary to have a budgeting mechanism for sus- 
tained spending to support induced evolution, but it is not neces- 
sary to have a triggering effort to create sales evolution 


by temporary marketing efforts. Marketing managers can 
budget for temporary advertising campaigns (А, = AT) 
only and can expect a sustained sales increase when the 
campaign ends (i.e., АТ return to 0 when t # T). 

In an intrinsic-stationary market, sustaining a desired 
sales level or creating an induced evolution requires suffi- 
cient sustained budgets. Without a sustained budget, sales 
changes will diminish to zero. If the sustained budget is not 
sufficient (1.е., does not meet the budgeting threshold in 
Equation 8), sales will diminish to a level at which the sus- 
tained budget can support them. Because we need to change 
the sustained budget to sustain sales changes, responsive 
budgeting is required to create induced evolution. To sustain 
a sales change, AS, we need to budget the change of the sus- 
tained advertising spending as AAS = AS(1 — o9/p. 


Implication 2 
In an intrinsic-stationary market, under the assumption of 
linear advertising effects, percentage budgeting at a suffi- 
cient level can create and sustain induced evolution, 
whereas constant budgeting maintains a sales level. 


Here, we demonstrate the dynamic relationships between 
budgeting and sales performance with two popular and sim- 
ple budgeting methods: percentage budgeting and constant 
budgeting. 

Budgeting for sales evolution: percentage budgeting. 
Percentage budgeting is a responsive budgeting method 
because the budget changes with sales changes. We can rep- 
resent it as follows: 


(12) А А, = Yst- 1 


where % is a budgeting percentage in business practice. 
Firms employing percentage budgeting can directly com- 
pare the percentage in use (фр) with the threshold percent- 
age (y). When % < у, the firm is underbudgeting. The adver- 
tising budget is insufficient to create sales evolution, and in 
absolute values, the budget will decrease with sales until it 
reaches the minimum level. When ү = у, sales evolution is 
created, and temporary changes, either positive or negative, 
will cause both advertising and sales to change. In this case, 
an evolving-business-practice scenario (Dekimpe and 
Hanssens 1999) occurs. 

Figure 2 demonstrates various percentage-budgeting sit- 
uations in a hypothetical intrinsic-stationary market, where 
в = .8 « 1, В = 1, and the threshold percentage y = (1 — 0)/ 
В = .2. Figure 2, Panel A, shows that when there is no 
advertising budget (i.e., % = 0), the sales will decay at rate 
1 – а, 2. When the percentage budget is not adequate (1.е., 
f = -1 < ү), the sales level cannot be sustained but decays at 
a slower rate (see Figure 2, Panel B). Figure 2, Panel C, 
shows induced evolution when the percentage-budgeting 
level is adequate to maintain sales evolution (1.е., № = Y). 
Note that Figure 2, Panel D, shows a special case of exces- 
sive budgeting (i.e., % > Y). In this case, in addition to the 
required sustained spending, Аз = YS; _ |, for an induced 
evolution, there is an excessive budget of (y — YS- 1. The 
effects of excessive budget are then accumulated and sus- 
tained because of the induced evolution, leading to the con- 
tinuous sales increase. Such an excessive budget can be 
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FIGURE 2 
Percentage Budgeting 
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treated as a series of positive temporary shocks in an 
induced-evolving market. 

A closer examination of the advertising-sales dynamic 
reveals how previous research has misinterpreted temporary 
marketing actions by suggesting their persistent effects in 
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induced evolution. In induced evolution (i.e., Yb = Y), а mar- 
keting expense shock, AT, leads to a sales increase by AS = 
BAT. Then, as a result of the embedded percentage budget- 
ing, the increased sales lead to the increase of sustained 
budget At by AAs = yAS = (1 — o)AT, which in turn sup- 


ports the sales. Thus, although the effect of the marketing 
shock appears to be persistent, it is the increased sustained 
spending that maintains the new sales level. The marketing 
shock AT is just a "down payment" of sustained marketing 
costs to sustain the sales increase it causes. If a sufficient 
percentage budgeting is not followed, the "persistent effect" 
of a marketing shock will disappear. Thus, in induced evo- 
lution, the temporary marketing expense shock AT does not 
have a true persistent effect. 

Combining Equations 3 and 12 generates a long-term 
equilibrium relationship between advertising and sales, as 
follows: 


(13) (ајна, 
Yo 


This theoretically explains Baghestani’s (1991, p. 671) 
observation that “the observed business firms’ decision 
tules fixing advertising spending as a percentage of sales 
revenue may hold as a long-run equilibrium condition.” 

We use a simple percentage-budgeting model to demon- 
strate that responsive budgeting at a sufficient level can sus- 
tain induced evolution. However, note that simple percent- 
age budgeting is not the only way to create induced 
evolution; more sophisticated budgeting models can be 
developed and deserve further investigation. 


Budgeting for a sales level: constant budgeting. Con- 
stant budgeting (A, = A,) is an easy-to-follow budgeting 
method, especially for managers focusing on cost control 
and resource allocation/optimization issues. Constant bud- 
geting can generate a continuous sales increase in an 
intrinsic-evolving market, and it maintains a sales level in 
an intrinsic-stationary market. 

In an intrinsic-stationary market, it can be inferred from 
the market dynamics (Equation 3) that for a constant mar- 
keting budget level, A,, sales can be sustained at 


(14) S(A,) = Be Pas 

y l-a 
With constant budgeting, an equilibrium is reached at 
S(A,), and the system presents a stationary nature in that 
any positive and negative sales changes will eventually dis- 
appear (i.e., temporary marketing actions have no persistent 
effect). 

Figure 3 illustrates sales performance at various levels 
of constant budgeting after a marketing shock of one unit. It 
shows that the sustained sales performance is determined by 
sustained spending (Аз or A,). A temporary marketing cam- 
paign affects only how fast (i.e., the route) a new sales level 
can be achieved. 


Implication 3 


When budgeting, marketing managers need to consider 
both the market environment and the intrinsic nature of 
the market. In an intrinsic-stationary market, percentage 
budgeting is preferable in positive market environments, 
whereas constant budgeting can be beneficial in negative 
environments. 


Here, we demonstrate the choice of budgeting methods 
under positive and negative market environments. Figure 4 
compares sales dynamics under percentage and constant 
budgeting after factors other than advertising cause sudden 
sales changes (shocks) at Time 10. The figure shows that 
with a sales increase, percentage budgeting causes the sales 
to evolve and stay at a higher level, whereas with constant 
budgeting, sales return to a previous equilibrium level. With 
a negative shock, percentage budgeting results in a lower 
sales level, and constant budgeting helps regain the lost 
sales. 


Implication 4 


To create induced evolution, the advertising series must 
evolve. 


In induced evolution, advertising must evolve with sales 
because it needs to support sales evolution. The following 
equations are derived from the market dynamics (Equation 
3), budgeting component model (Equation 11), and 
percentage-budgeting model (Equation 12) (for a deriva- 
tion, see the Appendix): 


(15) S, = (о + By,)S,_, c BAT +e, 
and 


(16) A, = (&®+Вү)А, -1 ТАТ—ОАТ_,+уре; _|. 


As we analyzed previously, the induced evolution is created 
when © + By, = 1 in Equation 15. Because а, + By also 
appears in Equation 16, the advertising budget must be an 
evolving process under induced evolution. 


Implication 5 

Temporary, intensive marketing actions are neither suffi- 

cient nor necessary for sustained market gains in an 

intrinsic-stationary market. 
We previously demonstrated that temporary, intensive 
advertising campaigns are not sufficient for sustained mar- 
ket gains in an intrinsic-stationary market. Here, we demon- 
strate that such marketing actions are also not necessary for 
sustained market gains. 

In Figure 5, we compare two strategies for objective 
budgeting, in which marketing managers must reach and 
maintain a sales level. We consider an induced evolving 
market that has already reached an equilibrium. The market 
performance level Sp is supported by the sustained market- 
ing budget Аз = So(1 — ay. The marketing goal is to 
increase the market performance by AS to a new level, S = 
So + AS. 

The first strategy is a popular marketing practice in 
which marketing managers design temporary, intensive 
advertising campaigns to boost sales (see Figure 5, Panel 
A). The temporary marketing action, AT = AS/B, at timet = 
to brings the sales to a new level by creating the desired gain 
AS. Afterward, the additional percentage budget ЛАЗ = 
AS(1 — o)/B is applied, and the market gain is sustained. 

The second, alternative budgeting strategy is to budget 
directly at the new sustained spending level Ao + AAs, with- 
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FIGURE 3 
Constant Budgeting 
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out introducing any marketing shock (see Figure 5, Panel With this alternative budgeting strategy, sales eventually 
B). With the increased advertising budget, sales increase reach the marketing goal, 5 = Sg + AS, and stay there. The 





according to the following curve: smaller the а, the faster it is to reach the desired market 
, level. 

AA! x B А related case, which we demonstrated in Figure 3 
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а 1-а E О ) Panel C, is managers' use of a temporary campaign (shock), 


22 | Journal of Marketing, September 2008 


FIGURE 4 
Comparison of Percentage- and Constant-Budgeting Methods Under Negative and Positive Market 
Changes In an Intrinsic-Statlonary Market 
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Notes: Stars Indicate preferable budgeting methods under different market changes. 


but it is not intensive enough to reach the marketing goal. 
Panel C shows that the desired sales level is realized by sus- 
tained budgeting. Às long as we guarantee the sustained 
budget Ар + AAS, the marketing goal can eventually be 
reached. The temporary marketing action affects only the 
route to the goal. 

Managerial implications are clear: In an intrinsic- 
stationary market, a temporary, intensive marketing action 
(a marketing shock) is neither sufficient nor necessary to 
generate sustained effects to reach a certain persistent mar- 
keting goal. The temporary marketing action does not have 
sustained effects; it only initiates system changes, including 
budgeting changes through underlying budgeting rules, and 


affects the transition dynamics (i.e., to make the transition 
faster). It is indeed the sustained spending that determines 
the long-term market performance. 


Empirical Illustrations 
We use the advertising and sales data of five companies to 
demonstrate the difference between the proposed IME test 
and the standard unit root test and the effects of several bud- 
geting practices on sales performance. Note that these 
empirical illustrations are not intended as a comprehensive 
empirical investigation of the advertising-sales relation- 
ships of these firms; rather, they are intended to demon- 
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strate the concepts we discussed previously. We chose these ` 


specific companies because their data illustrate five combi- 
nations of budgeting practice, intrinsic market nature, and 
sales performance (see Table 1). Our theoretical discussion 
is based on a univariate model. Thus, we focus on the 
advertising and sales series and do not consider other mar- 
keting inputs. 

Figure 6 plots the advertising and sales data. Twenty- 
two years’ worth of annual data (1985-2006) were available 
for Avon Products, Circuit City Stores, and Hartmarx, and 
20 years' worth of annual data (1985—2004) were available 
for Televideo. We obtained data from 1985 to 2004 from 
COMPUSTAT and data from 2005 to 2006 from Capital IQ. 
Data from 2005 to 2006 were not available for Televideo 
because of company reorganization. We obtained 24 periods 
of quarterly data for Rivergate Estates (from the first quarter 
of 1999 to the last quarter of 2004) from Capital IQ. 

Table 2 compares the results of the unit root tests and 
the proposed IME tests. The sales and advertising series of 
all the companies, except Televideo, have unit roots. From 


this result, prior research would suggest the persistence 
effects of temporary advertising for four companies. How- 
ever, our IME analysis suggests that only two companies, 
Avon and Rivergate Estates, can effectively use temporary 
advertising because their intrinsic-evolving markets are 
identified by the IME tests. The other two firms, Circuit 
City and Hartmarx, are identified as intrinsic-stationary 
markets characterized by induced evolution. Temporary 
advertising has no true persistent effects for these two firms, 
and therefore they must rely on sustained advertising. 

Table 2 also reports cointegration tests when data series 
are identified as evolving. The cointegration of the advertis- 
ing and sales series indicates that the subsequent regression 
analyses are meaningful (Gujarati 2003). 

We then conducted regression analysis based on Equa- 
tions 2 and 12 to demonstrate the companies' underlying 
budgeting practices (this is a first-order two-variable VAR 
model identification). Table 3 reports the results. By assess- 
ing the significance of ‘у, and model fitness through the 
adjusted R-square from the regression in Equation 12, we 


FIGURE 5 
Effects of a Temporary Marketing Campalgn 
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TABLE 1 
Five Companles of Various Scenarios of Market Nature, Budgeting Practice, and Sales Performance 
Budgeting Practice 
Company Market Nature Budgeting Rules Budgeting Level Sales Evolution 
Avon Intrinsic evolving Percentage budgeting Sufficient Yes 
Rivergate Intrinsic evolving Constant budgeting Suffictent Yes 
Circuit City Intrinsic stationary Percentage budgeting Sufficient (larger than Yes, marketing induced 
threshold) 
Hartmarx Intrinsic stationary Percentage budgeting Sufficient (equal to Yes, marketing induced 
threshold) 
Televideo Intrinsic stationary Percentage budgeting Insufficient (less than No, stationary 
threshold) 
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| FIGURE 6 
Sales and Advertising Expenditures 
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TABLE 2 


Comparisons of Unit Root and IME Tests 
n se i EE MEE 





ыы Proposed IME Tests 
ADF Test PP Test РЕ. ADF/PP  Cointegration 
Intrinsic Critical (Johansen 
Company Sales Advertising Sales Advertising IME, Evolving? Values (5%) Test) 
Avon 3.38 4.18 3.84 §.29 .20 Yes —3.05/ Yes 
Yes Yes Yes Yes —3.01 
Rivergate —.42 -3.00 —.36 —2.67 —.30 Yes —3.40/ Yes 
Yes Yes Yes Yes –3.00 
Circuit City —.45 —1.25 —.25 —1.24 —3.82 Мо —3.05/ Yes 
Yes Yes Yes Yes —3.01 
Hartmarx —2.27 —1.79 —1.14 —1.50 —6.66 No —3.05/ Yes 
Yes Yes Yes Yes —3.01 
Televideo —3.29 —3.12 -2.27 —4.05 —5.68 No —3.05/ N.A. 
No No Yes No -3.03 


Notes: ADF = augmented Dickey—Fuller test, PP = Phillips and Perron test, and М.А. = not applicable. 


TABLE 3 


Regression Analysis 
eee 


Budgeting Equation 12: A, = 58, + & 
Equation 2: $, = c + а$, _ 1 + ВА, e Threshold SE ИЧе НЕ у ан 
——— Budgeting 
Adjusted 21-9 Adjusted Method in 
Company с а В В Yb R2 Practice 
Avon 50.99 1.01* 2.63 .99 N.A. .02* 61 Percentage 
(.38) (21.76) (1.77) (13.60) | 
Rlvergate .00 .99* 1.04 .96 N.A. N.A. N.A. Constant 
(.01) (22.67) (.79) 
Circuit City —233.34 .70* 9.42* .99 .03 .04* .70 Percentage 
(7.83) (9.00) (3.98) (21.57) 
Hartmarx 41.63 46" 12.65* .96 .04 .04* .65 Percentage 
(1.06) (5.69) (6.74) (23.08) 
Televideo 2.43 .52* 7.38* .94 .07 .04* .60 Percentage 
(1.00) (6.05) (4.66) (7.83) 
"p< .01. 


Notes: М.А. = not applicable. 


can infer whether the companies follow percentage budget- 
ing. We find a percentage relationship between advertising 
and sales of the past year for four of the five companies. 
Rivergate followed constant budgeting. Except in the third 
and fourth quarters of 2001, Rivergate's quarterly advertis- 
ing expenses were fixed at $3,000 from 1999 to 2004. 

For companies under intrinsic-stationary markets, we 
calculated the threshold percentages ү from the о and В val- 
ues in Equation 2. We compared the budgeting threshold ү 
and % (the percentage in use) to suggest budgeting suffi- 
ciency (see Table 1). When % > y, budgeting is sufficient, 
and induced evolution is created. If not, budgeting is 
insufficient. 

The data from the five companies illustrate the budget- 
ing implications we discussed previously. First, we show 
that intrinsic-evolving markets reflect favorable business 
environments in which marketing managers have more 
flexibility in budgeting. Avon and Rivergate did not need to 
meet budgeting thresholds, and with either one of the two 
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budgeting practices (i.e., percentage or constant budgeting), 
both companies achieved increasing sales performance. 

Second, among the three companies with intrinsic- 
stationary markets, both Circuit City and Hartmarx bud- 
geted at sufficient percentage levels and thus successfully 
created induced evolution. Circuit City budgeted at a per- 
centage (4%) that exceeded the threshold percentage (3%). 
Thus, the company achieved steady growth. Indeed, during 
the past 20 years, Circuit City has attained 2% net profit 
margin, indicating that it has used advertising to an advan- 
tage. Hartmarx meets its threshold percentage (4%) with an 
average net profit margin of zero and has sustained its sales 
level since 1993. 

Third, Televideo, which also operates in an intrinsic- 
stationary market, failed to satisfy the budgeting threshold 
(7%) with a budgeting percentage of approximately 4%. An 
induced evolution was not achieved, and both sales and 
advertising continued to fall. Televideo cannot afford to 
increase its advertising budgets, because on average, it has a 


negative 2396 profit margin. As we mentioned previously, 
the company went through a reorganization in 2005. 


Discussions and Conclusions 


Theoretical Contributions and Relationships to 
Prior Research 


In this article, we conduct a theoretical study on the reasons 
for market evolution, using advertising-sales dynamics as 
an example of general marketing input-output relation- 
ships. By testing whether a marketing input is a necessary 
exogenous variable for evolution of an output variable, we 
distinguish two market natures—intrinsic evolution and 
intrinsic stationarity—and discuss induced. evolution in 
intrinsic-stationary markets. We suggest that in intrinsic- 
evolving markets, temporary advertising can generate sus- 
tained effects, but in intrinsic-stationary markets, sustained 
advertising budgeting determines the long-term market per- 
formance. Methodologically, we propose a new IME test to 
distinguish intrinsic-evolving and intrinsic-stationary mar- 
kets, and we provide methods to quantify temporary and 
sustained budgeting. The proposed techniques can be used 
to study any input-output relationship and can be general- 
ized to multivariate models to consider the effects of several 
marketing inputs in creating sales evolution. 

The proposed concepts advance the time-series-based 
market evolution analysis in the following ways: First, as 
we mentioned previously, the existing method analyzes the 
persistence of marketing efforts by examining the evolution 
of market output variables (Dekimpe and Hanssens 1995b; 
Franses, Srinivasan, and Boswijk 2001; Srinivasan, 
Leszczyc, and Bass 2000). As a result, there is no effective 
method to differentiate marketing hysteresis (i.e., intrinsic 
evolution), in which “sales would increase with increased 
advertising and stay there after withdrawal of advertising" 
(Little 1979, p. 632), from nonhysteresis market evolution 
(1.е., induced evolution). Our approach theoretically and 
quantitatively differentiates the two. Second, for induced 
evolution, our approach draws different conclusions from 
the existing method. By suggesting persistent effects of 
marketing efforts in evolving markets without differentiat- 
ing intrinsic and induced evolution, the existing method 
overemphasizes the effects of temporary, intensive market- 
ing campaigns. We suggest that temporary, intensive mar- 
keting input is neither sufficient nor necessary in intrinsic- 
stationary markets. Third, our approach can be used to 
analyze and quantify active budgeting (both short- and 
long-term) strategies, which the existing method cannot do. 

Our approach can provide better explanations of the 
evolving scenarios summarized in previous literature. With 
regard to the evolving-business-practice scenario discussed 
previously, we show that it can be an induced evolution, 
which reflects the same intrinsic-stationary market as the 
business-as-usual scenario. In contrast, as we illustrate in 
the Avon case, an evolving business practice can also result 
from intrinsic evolution, in which the marketing input hap- 
pens to evolve. Our IME approach, based on the market 
nature and budgeting analysis, identifies these different sit- 


uations, and thus it is more insightful than the performance- 
based categorization of prior research (e.g., Dekimpe and 
Hanssens 1999). 

In contrast to empirical studies that use multivariate 
time-series models to examine the effects of marketing dri- 
vers, such as promotion (Steenkamp et al. 2005), price 
(Srinivasan, Leszczyc, and Bass 2000), price promotions 
(Dekimpe, Hanssens, and Silva-Risso 1999; Nijs et al. 
2001; Srinivasan, Leszczyc, and Bass 2000), distribution 
(Bronnenberg, Mahajan, and Vanhonacker 2000), and firm 
innovativeness (Pauwels et al. 2004), on long-term market 
performance, this article is a theoretical study that presents 
a novel approach. We focus on a univariate model; that is, 
for simplicity and clarity, we use advertising as an example 
of a general input because it demonstrates how, all other 
things being equal, one factor can affect the output. The 
proposed intrinsic market analysis and approach can be 
extended to multivariate models and can be used by the 
empirical studies. 


Managerlal Implications 


Budgeting is an immensely difficult task (Bigne 1995; 
Mitchell 1993). Our IME analysis and related budgeting 
discussions and modeling can directly help marketing man- 
agers in budgeting tasks. We review some key points here. 

First, marketing managers can use the proposed IME 
test as a quick market assessment tool before detailed infor- 
mation, such as customer surveys, is available. Intrinsic 
evolution projects a superior business environment, in that 
all other business factors, marketing and operational alike, 
together create an environment in which the marketing 
input under study can produce persistent effects. For exam- 
ple, Avon relies on a direct-sales model in which the sales 
force pushes products out to consumers. New customers 
attained by advertising can be retained by Avon's robust 
operations. The IME concepts and test can help firms iden- 
tify such superior conditions. 

Second, budgeting is more demanding in intrinsic- 
stationary markets than in intrinsic-evolving markets. For 
example, although Avon and Rivergate use different rules 
(constant versus percentage), both obtain good sales results 
because they are in intrinsic-evolving markets. However, in 
intrinsic-stationary markets, companies depend on percent- 
age budgeting at a sufficient level to maintain sales evolu- 
tion. Failing to do so could lead to disastrous results, as in 
the case of Televideo. 

Third, budgeting focuses and timelines are different in 
intrinsic-evolving and intrinsic-stationary markets. Market- 
ing managers can focus on temporary budgeting in 
intrinsic-evolving markets, whereas a long-term focus is 
needed in intrinsic-stationary markets. Although marketing 
managers tend to initiate temporary, intensive campaigns in 
the hope of creating sustained market performance, in 
intrinsic-stationary markets, these campaigns are neither 
sufficient nor necessary to achieve sustained sales gains. 
Under tight budgets, managers can directly budget at a sus- 
tained spending level, and eventually the sales level can be 
achieved. In this article, we provide quantification methods 
for both temporary and sustained budgeting. 
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Responsive budgeting methods, such as percentage bud- 
geting, can create induced evolution, given that the budget- 
ing threshold is met. Such methods are beneficial in positive 
market situations with frequent sales increases. For 
decreased sales performance, such budgeting methods can 
be damaging. Nonresponsive (e.g., constant) budgeting can 
help sales return to previous levels. 

Note that for the percentage threshold у = (1 — о)/В, 
дү/д = —1/B, and dy/dB = (a — 182. Thus, the sensitivity 
of the percentage threshold is dependent on the advertising 
effectiveness parameter В. The smaller the В, the less robust 
is the estimation of the percentage threshold because of 
parameter estimation errors of market dynamics. Therefore, 
when В is small, managers need to be more careful in per- 
centage budgeting. The more important task is probably not 
advertising budgeting but rather improving advertising 
effectiveness. In such a case, managers should use constant 
budgeting to prevent sales, decline and try to improve 
marketing effectiveness before employing percentage 
budgeting. ` 


Limitations and Opportunities for Further 
Research 


As we indicated previously, the proposed concept and 
method сап Бе extended to existing models, such as market 
share attraction models (Bronnenberg, Mahajan, and Van- 
honacker 2000; Franses, Srinivasan, and Boswijk 2001), 
multivariate VAR models (Srinivasan, Leszczyc, and Bass 
2000), and multivariate higher-order VAR models. Indeed, 
our ongoing preliminary analysis, which employs a higher- 
order VAR model and incorporates consumer wear-out 
effects (Simon 1982), supports similar conclusions and 
implications. 

Herein, we focus on the dynamic relationship between 
advertising and sales but do not consider profitability with 
other budgeting constraints. Thus, we cannot assess 
whether excessive advertising is beneficial for a company. 
In reality, marketing managers face various budgeting con- 
straints, such.as budget limits, contribution margins, addi- 
tional costs, and competitors’ strategies, in determining 
profitability of advertising expenditures. Therefore, future 
work should pursue optimal budgeting strategies under 
these constraints (e.g., limited budgets) with various criteria 
(e.g., profitability in certain periods). Our method provides 
a sound foundation to tackle budget optimization problems; 
for example, when an appropriate advertising—sale model is 
identified, optimal target budgeting for profitability maxi- 
mization can be formulated with the use of existing 
methodologies (e.g., Simon 1982). 

Our focus herein is to demonstrate general budgeting 
implications of the proposed IME analysis. We discuss con- 
stant and percentage budgeting to demonstrate the relation- 
ship between budgeting rules and market responses. 
Detailed budgeting strategies and models can be formulated 
and investigated within the proposed theoretical framework. 
For example, percentage budgeting is not the only respon- 
sive budgeting method. Through higher-order VAR models, 
other sales-advertising feedback mechanisms can be devel- 
oped to support sales evolution. 
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In, line with existing time-series models, our model 
assumes a linear relationship, which, within a certain range, 
approximates market input-output dynamics and simplifies 
our analysis. However, the IME concepts and analysis are 
not restricted to the linear assumption. A linear model, such 
as that in Equation 2, can be generalized to accommodate 
nonlinear input-output relationships by taking a trans- 
formed input variable as the market input (A,) in the model. 
For example, an empirical remedy would be to take the log- 
arithm of the marketing input variable (Simon 1982) to pro- 
duce the diminishing marginal returns and customer atten- 
tion threshold effect to the output. АП the methodologies 
and main arguments we presented would still hold after 
such data transformation, except for budgeting Implication 
2. That is, if we use log(A,) instead of A, in Equation 2 (to 
model the nonlinearity), exponential (nonlinear) budgeting 
rather than percentage (linear) budgeting might be neces- 
sary to create induced evolution. 

As do most existing models, our model assumes time- 
independent marketing dynamics; that is, parameters of 
marketing dynamics are unchanging over time. However, 
the time-varying market dynamics are relevant to persis- 
tence analysis because they can identify marketing hystere- 
sis, in which marketing spending changes market dynamics. 
For example, advertising intensiveness and strategy may 
affect consumer psychology (Vakratsas and Ambler 1999) 
and thus change advertising effectiveness. That is, advertis- 
ing may fundamentally change the advertising—sales 
dynamics (ie., œ and B in our model) and subsequently 
make a stationary system evolving. Thus, it would be of 
great interest and importance to further model changing 
market dynamics that are caused by advertising campaigns. 
Time-varying analysis methods, such as the moving- 
window approach and the Kalman filter model, have been 
used recently to analyze the marketing performance regime 
change (e.g., Pauwels and Hanssens 2007). The quantitative 
modeling and analysis of market dynamic changes would 
provide further insights into budgeting. 

In conclusion, we consider an example in which mar- 
keting managers must decide whether to continue a new 
product launch campaign during a midcampaign review on 
weekly advertising and sales data. They should first conduct 
an IME test. If an intrinsic-evolving market condition is 
identified, the managers can make a decision based on the 
temporary budget availability. Either they can stop the cam- 
paign if the budget is needed somewhere else and expect the 
increased sales to sustain, or they can continue the cam- 
paign because any further spending will be beneficial. In 
contrast, when an intrinsic-stationary environment is identi- 
fied, the managers must consider the availability of sus- 
tained advertising budgets, beyond the planned resources 
for the product launch campaign, to make a decision. In an 
intrinsic-stationary market, continuing the campaign makes 
sense only when sustained advertising budgets are avail- 
able. If they are not available, the current advertising spend- 
ing will not change long-term sales performance, and the 
campaign should be discontinued, unless the temporary 
profitability of the campaign is desirable. 


Appendix: Derivation of Equations 
15 and 16 
Here, we use the z-transform tool in discrete-time signal 
processing (Oppenheim and Schafer 1998). We define the 
z-transform of a time series x, as 


(АЈ) хе)= У, ха“, 


t = – 


where 271 can be considered а lag operator. 
Taking the z-transform of Equation 3, we obtain the 
following: 


(A2) S(z) = az-1S(z) + BA(z) + Ес), 


where S(z), A(z), and E(z) are the z-transforms of $, А, 
and e,, respectively. 

Under percentage budgeting, sustained spending and 
temporary/excess marketing efforts modeled in Equation 11 
become 


(A3) A, = АЗ+АТ = 7,5, _| +AT. 


Note that only when the percentage-budgeting factor % sat- 
isfies Equation 8 (i.e., when sufficient continuous marketing 
budgets are provided) can sales changes be sustained and 
accumulated. 

Similarly, taking the z-transform of Equation A3, we 
obtain the following: 


(A4) A(z) = yyz-1S(z) + AT(2), 
where AT(z) is the z-transform of AT. 


When we substitute Equation A4 into Equation A2 and 
solve S(z), we obtain the following: 


(A5) [1 — (о + By,)z-1]S(2) = BAT (2) + E@). 


Then, when we substitute Equation A5 back into Equation 
A4 and solve A(z), we obtain the following: 


(Аб) [1— (о: + By,)z-! JA(z) = Yyz-!E(z) + (1 - az-!)AT(2). 


Finally, when we take the inverse z-transform of Equations 
A5 and A6, we obtain Equations 15 and 16. 
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Debanjan Mitra & Peter N. Golder 


Does Academic Research Help or 
Hurt MBA Programs? 


Since the 1960s, scientific academic research has played a prominent role in most leading business schools. 
Recently, however, critics have argued that emphasizing research is misguided and may only serve the faculty's 
interests at the expense of students and the firms that employ them. This study attempts to inform this debate by 
investigating the short- and long-term effects of academic research in 57 business schools over 18 years on 
academics’, recruiters’, and applicants’ perceptions as well as on the schools’ education performance with current 
students. The authors find that academic research has positive long-term effects on the perceptions of these three 
constituents and on education performance, as well as short-term effects on academics' perceptions. Moreover, 
effect sizes are large and meaningful. A persistent increase of three single-author articles per year is associated 
with an improvement in a school's ranking among academics by one place, a decline in its acceptance rate of 1%, 
and an increase in graduates’ average: annual starting salary of more than $750. The authors discuss the 
implications of these findings and present related opportunities for further research. 


Keywords: education, long-term effects, nonprofit organizations, perceived quality, service quality, academic 
research, MBA programs 


ost leading business schools emphasize academic small" Bennis and O’Toole (2005, p. 103, italics added) 

research as an essential component of their educa- argue that "today's crisis in management education ... can 

tional mission. The genesis of this emphasis can be be traced to a dramatic shift in the culture of business 
traced back several decades tó the Ford and Carnegie Foun- schools,... an inappropriate and ultimately self-defeating 
dation reports that strongly criticized business schools of model of academic excellence.... The dirty little secret at 
the 1950s for their lack of rigor and scholarship (Gordon most of today's best business schools is that they chiefly 
and Howell 1959; Pierson 1959). As Simon (1991, p. 138) serve the faculty's research interests and career goals, with 
recalls, "Accurately or not, we perceived American business too little regard for the needs of other stakeholders." 


education at that time as a wasteland of vocationalism that Most business school faculty would like to ignore these 
needed to be transformed into science-based professional- criticisms. Indeed, many scholars likely believe that their 
ism, as medicine and engineering had been transformed a research benefits their teaching and, in turn, the placement 
generation or two earlier.” The business school community of their students, the recruitment of future students, and 
responded to these criticisms with substantial reforms in society at large. Unfortunately, a plethora of academic stud- 


education—most notably, disseminating knowledge created ies does not support this belief, particularly with respect to 
through rigorous, scientific research (AMA Task Force on research's impact on teaching. Feldman (1987, p. 275) 
the Development of Marketing Thought 1988; Kerin 1996). claims that "the likelihood that research productivity actu- 

However, more recently, the educational model built on ally benefits teaching is extremely small,... [and] the two, 
scientific research has been sharply criticized. Surprisingly, for all practical purposes, are essentially unrelated." As Hat- 


some of the most pointed criticisms have come from acade- tie and Marsh (1996, p. 529) note, "a meta-analysis of 58 
mics themselves. For example, Pfeffer and Fong (2002, p. studies demonstrates that the relationship [between research 
80) note that "the impact of business school research, and teaching performance] is zero,... [and] the common 
judged by a number of different criteria, appears to be quite belief that research, and teaching are inextricably inter- 


twined is an enduring myth." Fairweather (2002, p. 43) fur- 
Р ther points out that "the small percentage of faculty who 
achieve high levels of output in both research and teaching 
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edu). Peter N. Golder is Associate Professor of Marketing and George These findings are based on a variety of educational set- 
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School of Management. The authors appreciate the valuable comments TrieseBmann and colleagues (2000, pp. 1139, 1135) report 
and suggestions of Rich Lutz, Joe Porac, Alan Sawyer, Bart Wertz, Russ that ‘the popular press -measure of M.B.A. program perfor- 
Winer, and the three anonymous JM reviewers. mance is significantly different from our measure of busi- 
ааа, ness research performance,” and neither measure "affects 
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the other measure, after the effects of the other factors are 
accounted for.” 

Overall, these studies and viewpoints argue that acade- 
mic research does not improve a school's educational per- 
formance or its business press ranking. Thus, academic 
research is forced to compete with other business school 
activities rather than being viewed as the foundation of its 
broad educational mission. When faced with such compet- 
ing activities, business school administrators will allocate 
fewer resources to research if they believe that research 
serves faculty members' interests without benefiting other 
constituents, such as students and recruiters. 

Decisions about the role of research in the broader edu- 
cational mission of business schools are extremely impor- 
tant to students, faculty members, firms, and society at 
large. Thus, we believe that much more research is needed 
on this topic. In particular, four key limitations of existing 
research should be addressed. First, extant research focuses 
on the contemporaneous effects of academic research, pri- 
marily through cross-sectional, correlational analyses. 
However, academic research may have long-term payoffs, 
so it is necessary to evaluate both short-term and long-term 
effects. To the best of our knowledge, no existing study 
examines the long-term effects of academic research. Sec- 
ond, no current study considers the multiple constituents 
that business schools serve, including academics from other 
business schools, recruiters, and applicants (i.e., potential 
students); it is not known whether research affects these 
constituents and, if so, how large these effects are. As 
administrators decide how much of their resources to allo- 
cate to academic research, it would be helpful to know 
effect sizes across these constituents. Third, it is not known 
whether the effects of academic research will vary with the 
reputation of a business school's parent university. Fourth, 


current studies focus on the relationship between teaching 
and research at the individual level. However, these studies 
do not consider broader, more objective measures of educa- 
tion performance that may better reflect the overall impact 
of academic research in business schools. In this study, we 
begin to address these important limitations and provide 
some additional evidence on the long-term relationship 
between academic research and MBA program perfor- 
mance. We examine MBA program performance in terms of 
both the perceptions of different constituents and the educa- 
tional value created. Without such evidence, critics of MBA 
programs will continue to assume that their polemics 
against research are justified. 

In the next section, we present a simple framework for 
evaluating the short-term and long-term effects of academic 
research on the perceptions of important constituents and 
also on the educational value for students. Then, we 
describe our modeling approach and the context of our 
study. Following that, we present a broad set of results on 
academic research in business schools and conclude with a 
discussion of our findings, their implications, and related 
opportunities for further research. 


A Long-Term, Multiple-Constituent 
Framework for MBA Programs 


MBA programs serve multiple constituents, whose percep- 
tions are used to evaluate the performance of these pro- 
grams. In Figure 1, we present a simple framework for the 
long-term dynamic relationships among business schools' 
resources, activities, performance, and constituents' percep- 
tions of performance. Similar to other organizations, busi- 
ness schools have a variety of resources—both tangible 
(e.g., physical, financial) and intangible (e.g., brand, intel- 


FIGURE 1 
A Dynamic Model of Educational Institutlon Performance 
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lectual). These resources support multiple activities in pur- 
suit of the organization's multiple performance objectives. 
Actual performance on these different activities sometimes 
can be measured objectively (e.g., number of faculty publi- 
cations, students' starting salary). However, even when 
activities can be objectively measured, constituents' percep- 
tions are still important. These perceptions feed back to 
future-period resources, resulting in a dynamic framework 
with both short-term and long-term effects. These effects 
can be on constituents' perceptions or on objective perfor- 
mance measures. Any activity can have either a positive or a 
negative long-term impact on the performance of another 
activity. For example, if the American Marketing Associa- 
tion were to increase its emphasis on training sessions, the 
objectives of academics might be marginalized, at least in 
the short run. However, over time, if these training activities 
brought in resources that were spent on increasing activities 
geared toward academics, there could be a positive long- 
term effect. Conversely, if these resources were not spent on 
academics' activities, the long-term effect of training on 
academics' activities would remain negative. 

In business schools, various constituents with different 
objectives compete for the school's resources. Administra- 
tors' decisions about allocating resources across these com- 
peting objectives are exacerbated by the lack of a unifying 
profit objective. In for-profit enterprises, all investments can 
be ranked by their return on investment. However, in non- 
profit organizations, the objectives of various constituents 
cannot be compared similarly (Gallagher and Weinberg 
1991; Newman and Wallender 1978). Thus, our framework 
and approach may be relevant for other types of nonprofit 
organizations with multiple activities and multiple con- 
stituents. For example, museums not only want to showcase 
their current collections but also want to invest in acquiring 
or discovering new items. Libraries not only loan a portion 
of their collection but also invest in preserving rare manu- 
scripts. Public theaters not only want to expose people to 


their productions but also want to create new works of art 
(Voss, Montoya-Weiss, and Voss 2006). Different con- 
stituents will have different levels of importance attached to 
these activities. In Table 1, we illustrate the diversity of con- 
stituents for nine types of nonprofit organizations and 
divide these constituents into internal, external, and mixed 
constituents. Internal constituents are those who develop or 
deliver the organization's services. External constituents are 
those who consume the organization's services. Mixed con- 
stituents are those who are partially involved in developing 
or delivering the organization's services and partially 
involved in consuming those services. In business schools, 
internal constituents include professors, instructors, and 
administrators; external constituents include recruiters, 
potential students, and consumers of faculty research (e.g., 
businesses, consultants, government agencies); and mixed 
constituents include current students, who consume faculty 
teaching and contribute to the consumption of other stu- 
dents' educational experience. Other mixed constituents are 
trustees and donors, who also produce and consume ele- 
ments of a business school's services. 


Impact of Academic Research on Multiple 
Constituents' Perceptions 


Tbe impact of academic research on performance is realized 
through both short-term and long-term effects. A potential 
short-term effect is the impact of academic research on aca- 
demics' perceptions at other business schools. Academic 
research is likely to have a positive impact on academics' 
perceptions because they decide which research is valuable 
enough to be published during the review process. Deans 
and department chairs, who provide the data for academics’ 
perceptions to the business press, are exposed to their own 
faculty members’ in-depth knowledge of other schools’ 
research activities. Faculty may communicate this knowl- 
edge to them through formal reviews and informal conver- 


TABLE 1 
Nonprofit Organizations and Examples of Thelr Constituents 





Internal Constituents 


Professors, instructors, 
administrators 


Organization 
Business schools 


Charitable/relief organizatlons § Administrators, employees 


Churches Clergy 
Hospitals 

Legal aid socleties Lawyers 
Museums Administrators, employees 


Director, conductor, 
long-term performers 


Performing arts organizations 


Political organizations Politicians, administrators 


Professional associations Administrators, employees 


Applicants, alumni, trustees, 


Doctors, nurses, administrators 


Mixed Constituents External Constituents 


Recruiters, consumers of 


donors research (e.g., consulting 
firms) 
Donors, funding agencles Ald recipients 
Members Attendees 
Residents, interns Patlents 


Funding agencies Clients, potential clients 


Donors, funding agencies Visitors 


Contract performers, Single-ticket holders 


season tlcket holders, donors 


Donors Voters, media 


Members Media 
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sations. Formal reviews sometimes compare the research 
performance of one school with that of other schools, either 
at the department level or at the school level. In addition to 
faculty input, deans with research backgrounds and depart- 
ment chairs may have firsthand knowledge of other schools' 
research performance, especially within their own disci- 
plines. Finally, deans also receive promotional material 
about research productivity from other business schools. 
Because of these sources of information, we expect both 
positive short-term and positive long-term effects of acade- 
mic research on academics' perceptions of other MBA 
programs. 

, Long-term effects of academic research are likely to 
predominate with other constituents, such as recruiters and 
applicants. Because recruiters and applicants will have lim- 
ited direct contact with most faculty members' research, we 
do not expect any short-term effect of academic research on 
the perceptions of these constituents. However, graduate 
students exposed to the latest research may be better 
employees, thus motivating recruiters to hire more students 
from that school. Better placements will then attract higher- 
quality applicants to that school in the future. Thus, over 
time, we expect that academic research will have a positive 
long-term effect on recruiters’ and applicants’ perceptions. 
On the basis of this discussion, we propose several 
hypotheses. 


Hi: There is a positive short-term effect of academic research 
on academics’ perceptions of MBA programs. 

Н: There are positive long-term effects of academic research 
on academics’, recruiters’, and applicants’ perceptions of 
MBA programs. 

H3: The duration of the long-term effects of academic research 
on perceptions is shorter for academics than for recruiters 
and applicants. 


Impact of Academic Research on Education 
Performance In Business Schools 


Academic research focuses on knowledge creation, but, 


another key objective in business schools is knowledge dis- 
semination through the education of students. Figure 1 indi- 
cates two effects of research on education performance: a 
short-term effect and a long-term effect. First, a faculty 
member's research can enhance his or ber knowledge of the 
subject and his or her ability to motivate students' interest in 
that subject. Moreover, a researcher's ability to teach the 
process of knowledge discovery embodied in research 
should be valuable to his or her students. Thus, the educa- 
tional value created by a business school should be posi- 
tively affected by the direct interactions between research- 
active faculty and students. However, the impact of research 
on education performance may also have negative short- 
term effects. À faculty member's time is a scarce resource. 
Thus, too much time devoted to research will detract from 
the time he or she can devote to educating students. In addi- 
tion, the skills required to be an effective researcher may be 
different from the skills required to be an effective teacher. 
Thus, focusing on academic research may detract from a 
business school's educational objectives. Based on the large 
number of empirical investigations that find no relationship 
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between academic research and teaching effectiveness, 
these positive and negative effects seem to balance each 
other out, at least in the short run. 

Second, over the long run, academic research should 
promote a researcher's teaching ability because new knowl- 
edge is typically relevant for several years. Furthermore, 
this new knowledge diffuses through researchers' social 
networks. Researchers interact closely with other faculty 
members, maximizing knowledge diffusion and educational 
benefits. Over time, we also expect that academic research 
will have a positive effect on the perceptions of the various 
constituents. This enhanced reputation is likely to generate 
financial and physical resources, further contributing to the 
long-term effect. Thus: 


H4: There is a positive long-term effect of academic research 
on the education performance of MBA programs. 


Effect of Prior Brand Reputation 


Brand reputation is formed through word of mouth, past 
performance, and personal experiences. Previous research 
has found that customers are more likely to incorporate 
information that is consistent with their beliefs (Boulding, 
Kalra, and Staelin 1999; Hoch and Ha 1986; Lord, Lepper, 
and Ross 1979). Improvements in research will be more 
consistent with people's beliefs about business schools in 
high-reputation universities. Therefore, we expect an inter- 
action effect between research and university reputation on 
constituents! perceptions. According to Figure 1, this will 
also result in higher future resources. Higher resources will 
likely improve the education-related activities, which in 
turn will improve the education performance of the program 
over the long run. Thus: 


Hs: The long-term effects of an increase in academic research 
on the education performance of an MBA program are 
greater for programs in higher-reputation universities than 
for those in lower-reputation universities. 


Apart from a larger effect size for information that is con- 
sistent with prior reputation, the updating process is also 
likely to be faster (Geers and Lassiter 1999; Wilson et al. 
1989). Thus: 


Hg: The duration of the long-term effect of an increase ın aca- 
demic research on the education performance of an MBA 
program is shorter for programs in higher-reputation uni- 
versities than for those in lower-reputation universities. 


Definitions 


Short-Term and Long-Term Effects 


The hypotheses propose the short-term and long-term 
effects of academic research on perceptions of multiple 
constituents and on the MBA program's impact on educa- 
tion performance. The short-term effect of academic 
research is its impact in the current period (i.e., same year 
in this study). The long-term effect is its cumulative impact 
over an infinite time horizon. Carryover duration is the time 
needed to reach a prespecified percentage of the long-term 


effect. Typically, studies report the 90% carryover duration 
(e.g., Clarke 1976; Mitra and Golder 2006; Van Heerde, 
Mela, and Manchanda 2004). 


Education Performance of Business Schools 


A business school's inputs consist of its incoming students 
and the school's resources used to educate those students. 
Ап important output of a business school is the graduates of 
its programs. The differential between the levels (e.g., qual- 
ity) of input and output refers to "that portion of student 
growth or development that can be attributed to the specific 
educational experience offered by the business school" 
(Lockheed and Hanushek 1994, p. 1779; see also Tracy and 
Waldfogel 1997). Therefore, we measure the differential 
between the input and the output as the value-added by 
business schools and define it as education performance. 
The education literature describes two related concepts of 
education performance—effectiveness and efficiency 
(Cowan 1985; Hanushek 1986). When inputs are repre- 
sented in nonmonetary units, the differential is referred to 
as effectiveness. When inputs are represented in monetary 
units, the differential between input and output reflects 
efficiency. 


Model 


In line with our cenceptual framework described in Figure 
1, the current performance perceptions of an MBA program 
are dependent on both current academic research and the 
prior-period performance perceptions of the MBA program. 
In particular, the link between prior-period performance and 
current performance is the result of multiple feedback pro- 
cesses (represented by dotted links in Figure 1). Thus: 


(1) Ри = boy + БР _ 1) + Ки + Бур 


where MBA program i's performance perception (P) of 
constituency j at time t is related to academic research (R) 
at time t and P at time t — 1. 

Equation 1 signifies either a serial correlation or a state- 
dependent carryover process. Jacobson (1990) shows that 
adding a lagged independent variable in Equation 1 enables 
the appropriate interpretation of its parameters. Specifically, 
if the significance of Бу, is due to serial correlation, the 
coefficient of the lagged independent variable term is of the 
opposite sign (i.e; compared with the coefficient of the 
independent variable). If not (i.e., if it is zero or positive), 
we can interpret the parameters of the model in terms of a 
carryover process. Thus, to distinguish between these pro- 
cesses, we add a lagged academic research ‘variable. To 
obtain the "true" effects of academic research, we control 
for other variables, such as the institutions' wealth and 
tuition.! As a result, we modify Equation 1 as follows: 


2) Ри = boy + biyPya- pt bayRy + b3yRia- pt Бај Сл + eye 


where С; denotes the control variables. 





1We also examine size of the program (1.е., student enrollment) 
as another control variable. However, we dropped: this variable 
because it is highly correlated with wealth (.89). 


Equation 2 is of the form of a partial adjustment model, 
which has been frequently used to study long-term effects 
(e.g., Mitra and Golder 2006; Tellis, Chandy, and 
Thaivanich 2000; Van Heerde, Mela, and Manchanda 
2004). The model parameters can then be used to compute 
the short-term effect, the long-term effect, and the carryover 
duration of academic research. The short-term effect of aca- 
demic research on performance objective j for MBA pro- 


gram i is 


Qa) E, = boy, 
and the long-term effect is 
(2b) Ej = @ + Бају а — by). 


We can also test for the significance of E, and E, on the 
basis of the covariance matrix of the parameters. Further- 
more, we can compute the duration of the carryover of aca- 
demic research on performance as follows: 


bj, bo, + b3 
вар) 
(2с) p% carryover duration = 1+ dy 3i 


Indy 


The p% carryover duration denotes the time during which 
p% of the cumulative long-term effects are realized (for 
details, see Clarke 1976). 

There are other benefits of Equation 2 as well. First, the 
lagged independent variable term (b3,) can reveal nonmo- 
notonic carryover structures when Ъз, > b»; (Clarke 1976). 
Second, adding the lagged independent variable term has 
been shown to reduce data interval bias in distributed lag 
models (Russell 1988). Finally, it has been established that 
the behavioral process that leads to a distributed lag struc- 
ture is a rational response to the uncertainty in the causal 
variable (Lutkepohl 1984; McLaren 1979). In our case, this 
model form is credible because many people (e.g., 
recruiters, potential students) do not know the causal 
variable “academic research” with certainty. 


Empirical Models 


We present our approach for empirically evaluating our 
hypotheses and estimating our models. Note that Н;, Н», 
апа Нз are based on the effects of academic research on 
perceptions of three types of constituents. H4 is based on 
the effects of academic research on education performance, 
and Hs and Hg are based on how the size and duration of 
this effect are influenced by university reputation. We spec- 
ify the models that link academic research with multiple 
constituents' perceptions and the education performance of 
a business school. We then expand the education perfor- 
mance model to include the hierarchical effects of reputa- 
tion, as proposed in Hs and Hg. Afterward, we discuss esti- 
mation details. 


Multiple constituents’ perception model. For Нү—Н», we 
estimate separate equations for the effect of academic 
research on the perceptions of different constituents. Thus: 
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(3) Pj = bo + ЫР, 1) + Ви + ba Riq- р + БАС + бур 
б = Uy Vg Кер 


where i refers to business school; j refers to constituent 
type; t refers to time; uj and v, are random variables that 
partition the error in terms of the business school and time, 
respectively; and e is a classical error term with zero mean 
and homoskedastic covariance structure. 

We can state H,—H;3 as follows: 


Ну: ba, > 0, where j refers to academics’ perceptions. 

Но: (Ву + b3)/(1 — b1)] > О for all j. 

На: Carryover duration for academics’ perceptions < carryover 
duration for recruiters’ perceptions < carryover duration 
for applicants’ perceptions. 


Education performance model. For Hs and Hg, we first 
estimate a model that links academic research and educa- 
tion performance of business schools using a homogeneous 
slope parameter for all business schools. Thus: 


(4) By=bo + ЫБ _ yy + БУК + Ба и — 1) + ЫС + би 
Er =U + Ve + ер 
where MBA program i’s education performance (E) at time 
t is related to academic research (R) at time t and E at time 
t — 1; u; and v, are random variables that partition the error 
in terms of the business school and time, respectively; and 
€, is a classical error term with zero mean and homoskedas- 


tic covariance structure. 
Using Equation 4, we can state H4 as follows: 


Ha: [(b2 + b3)/(1 7 Б] > 0. 


Note that Н; and Hg describe how the short-term and 
long-term parameters in Equation 4 are affected by an inter- 
action between improvement in research over time and 
reputation of the university to which the business school 
belongs. Thus, we introduce time-level and cross-section- 
level heterogeneity in the parameters of Equation 4 through 
a two-level hierarchical model that is simultaneously esti- 
mated. This approach has been usefully applied in many 
prior studies (e.g., Anderson and Salisbury 2003; Mitra and 
Golder 2006; Steenkamp, Ter Hofstede, and Wedel 1999). ` 

The lowest hierarchy in the data is that of business 
school year. Therefore, the first-level model is estimated for 
every business school year unit. Thus: 


(Sa) Би = bo + (bi + В Improvement, _ Би – 1) 


+ (6, + Bo,Jmprovement,)R,; 
+ (b3  BsImprovement, _ ))Rye— 1) + bay Си + Ge 
Eu = Uy + у + Ej 


where Improvement, = 1 when research increases in time t 
compared with (t — 1). 

For the second-level model, we estimate the parameters 
of the first-level model that vary over business schools as a 
function of the university’s reputation: 


(55) В, = Bio + Bi; Reputation, + гу, where гү, ~ N(0, 112); 
Bo, = Во + Bor Reputation, + гу, where гу, ~ МО, 152); and 
Вз = Взо + Bar Reputation, + гр, where гз, ~ МО, 732), 
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where Reputation, = 1 when business school i is in a high- 
reputation university. i 

On the basis of Equations 5a and 5b, we can state Hs 
and Не, respectively, as follows: 


x E +В» + B21) + (b; + Bao ы 
x 1- (b + Big +В) 


Jg + Вар) + (5; Во zu 
1- (b + Bio) | 


and this condition simplifies to 
(6) (1 — by – Bio (Boi + Вз) + Biil(b2 + b3) + (Boo + B39)] > 0. 


Hg: Carryover duration for an increase in research for high- 
reputation schools » carryover duration for an increase in 
research for other schools. 


Estimation of Models 


We estimate Equations 3 and 4 with a time-series cross- 
sectional regression method because we have data on many 
business schools over time. We use the TSCSREG proce- 
dure of SAS that employs a feasible generalized least 
squares method and a two-way random-effects model that 
separates the error into business school-specific and time- 
specific components. There is ample evidence that feasible 
generalized least squares estimators are asymptotically 
equivalent to generalized least squares estimators and thus 
are consistent and efficient (Amemiya 1985; Wooldridge 
2002). 

We chose a random-effects model for two reasons. First, 
because our model contains a lagged dependent variable, a 
fixed-effects model would generate biased estimates of the 
coefficients (Nickell 1981). Second, the fixed-effects model 
assumes that all business schools are independent. How- 
ever, schools may share geographical locations, public or 
private status, and even some of the same faculty members 
or deans during the period of our data. Conversely, a 
random-effects model is appropriate for panel data of many 
business schools that are "drawn from a large population" 
(Greene 1990, p. 485). | 

We estimate Equations 5a and 5b with the HLM 5 pro- 
gram developed by Raudenbush, Bryk and Congdon (see 
Bryk and Raudenbush 1992). This program applies a maxi- 
mum likelihood procedure to generate parameter estimates 
through an iterative EM  (expectation-maximization) 
algorithm. 

Because our hypotheses are based on a function of the 
estimated parameters, we use Cramer's theorem to derive 
the variance of these functions.? This approach enables us 
to evaluate these hypotheses with significance tests. How- 
ever, as in prior studies, we cannot statistically test for the 


2For deriving the variance of the functions that test our hypo- 
theses, based on the parameters in Equations 3, 4, and 5, we use 
Cramer's theorem: If ф = g(-), then Var ($) = g'Y.g, where р = row 
vector of the first partial derivatives of function р, ё’ = column 
vector of the first partial derivatives of function g, and > = 
variance-covariance matrix of the parameters. 


significance of the duration of the long-term effect (e.g., 
Mela, Gupta, and Lehmann 1997; Van Heerde, Mela, and 
Manchanda 2004). 


Data 


To evaluate our hypotheses, we need longitudinal data for 
many MBA programs over a long period (Golder 2000). 
After collecting data from multiple sources and merging 
them into a common data set, we believe that our data are 
sufficient for providing both insights into the short-term and 
long-term effects of academic research on several MBA 
program objectives and certain asymmetries in these 
effects. Next, we describe the data collection and operation- 
alization of variables. ' 


Sources and Data Collection 


Our initial goal was to collect relevant data for as many 
MBA programs as possible. Our primary data are collected 
from U.S. News & World Report (hereinafter, USN). The 
USN data have been reported every year since 1990, are 
well known, and have been used in previous organizational 
theory research (D'Aveni 1996; Trieschmann et al. 2000). 
Each year, USN surveys (1) deans or program directors and 
department chairs or faculty members and (2) a nationwide 
random sample of recruiters to determine their perceptions 
of MBA programs. The survey asks these two groups of 
respondents to rate the quality of each program on a Likert 
scale from "marginal" (1) to “outstanding” (5). If a respon- 
dent is unfamiliar with any program, he or she has the 
option of indicating “don’t know.” The results of this survey 
for the top-50 programs are reported in the following year. 
For example, in April 1990, USN published the information 
on MBA programs based on the 1989 survey results. Given 
the reputation of USN, survey response rates are reported to 
be as high as 60%—70%. 

In addition to academics' and recruiters! perceptions, 
USN reports other measures, including average Graduate 
Management Admission Test (GMAT) scores and under- 
graduate grade point averages of incoming students, accep- 
tance rate of each business school, average starting salary 
after graduation, percentage of graduates employed three 
months after graduation, out-of-state tuition. and fees, and 
full-time enrollment.? Subsequently, we explain how we use 
these measures to operationalize our variables. 

For academic research, we use University of Texas at 
Dallas data on research productivity (see http://citm. 
utdallas.edu/utdrankings). University of Texas at Dallas 
tracks research contributions based on publications in 24 
leading journals across major business disciplines. The 
database contains author and institutional affiliations for all 
articles published in these journals since 1990. Author affil- 
iations are recorded at the time of publication. Our primary 


3Note that USN also reports an overall score based on these 
measures. However, we do not use this score, because it is contro- 
versial and there are disagreements on the relative importance of 
the different component measures. Nevertheless, we find signifi- 
cant short-term and long-term effects of academic research on 
USN's overall performance construct. 


measure of academic research is the number of articles 
weighted by the number of authors of an article. For exam- 
ple, a single-author article results in the affiliated school 
being credited with a score of 1. If there are multiple 
authors, the school gets a score of 1/n for each faculty 
member, where n is the number of authors. Because бе 
University of Texas at Dallas data do not include 1989 (the 
first year of the data), we manually collect this information 
using the same set of journals and methodology. ‚ 

For reputation of a university, we collect the overall 
ranking of national universities in USN. Note that these 
rankings are collected separately from different people than 
those providing the business school rankings. Specifically, 
we compute the average rank of a university during the 
1989—2006 period. We consider the top-20 universities 
higher-reputation universities.4 For wealth, we use data on 
university endowment from the annual survey of the 
National Association of College and University Business 
Officers. This survey has been conducted every year since 
2001 (for details, see http://www.nacubo.org/x2376.xml). 
On the basis of these surveys, we use the average endow- 
ment of the universities during the 2001—2006 period to 
represent the wealth of a university.5 


Operationallzing Performance Perceptions 


The dependent variables in Equation 3 are the performance 
perceptions of academics, recruiters, and applicants. Acade- 
mics’ and recruiters’ evaluations can be obtained directly 
from the USN data. However, through 2000, USN reported 
performance perceptions as ranks. Since 2001, performance 
perceptions of academics and recruiters are reported on a 
scale of 1 to 4. To achieve uniformity, we convert the per- 
ception scores since 2001 to their respective ranks. Using 
parametric tests on rank-transformed data provides robust 
results and performs as well as cardinal data, particularly 
for relatively small sample sizes (Conover and Iman 1981; 
Hettmansperger 1979; Iman and Conover 1979). They have 
also been widely used by researchers in business and other 
disciplines (Banker, Davis, and Slaughter 1998; Epley 
1997; Walther 1997). However, a drawback of using ranks 
is the interpretation of the effect size in terms of ordinal 
numbers instead of units of measurement. 

Unlike measures of academics’ and recruiters’ percep- 
tions, there are no direct measures of the performance per- 
ceptions of business schools’ applicants. However, the 
acceptance rate of a business school can be considered an 
objective measure of applicants’ perceptions toward a 
school. The acceptance rate conveys the applicants’ demand 
for a business school relative to a fairly stable capacity. As a 
result, acceptance rates are likely to decrease as applicants’ 
perceptions improve and the number of applications 
increases. 


4We use other cutoffs (e.g., top 15, top 25) as alternatrve mea- 
sures and find that our results are robust to these changes. 

5We also use business school endowment as an alternative mea- 
sure of wealth. We are unable to obtain this measure for 11 of 57 
schools, and it is strongly and positively correlated with university 
endowment (.843) for the remaining schools. 
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Operationallzing Education Performance 


The dependent variables in Equations 4 and 5 are related to 
the education performance of a business school in terms of 
value added to its students. In the “Definitions” section, we 
referred to the two related dimensions of education perfor- 
mance—effectiveness and efficiency. In line with our defi- 
nitions, we employ three measures of education perfor- 
mance. We operationalize effectiveness as the differential 
between output and nonmonetary input, efficiency as the 
differential between output and monetary input, and overall 
education performance as the differential between output 
and both monetary and nonmonetary inputs. 

We measure the output of a business school in terms of 
the expected salary obtained by a graduating class. We 
obtain the expected salary by multiplying the average start- 
ing salary by the percentage of graduates employed within 
three months of graduation. We convert the average starting 
salary for each year into 1998 dollars (i.e., the median year) 
to account for inflation. We use the gross domestic product 
deflator reported by the National Aeronautics and Space 
Administration (http://cost.jsc.nasa.gov/inflateGDP.html). 
Next, we consider two types of inputs—nonmonetary and 
monetary. 

For measuring the effectiveness dimension of education 
performance of business schools, we consider the primary 
nonmonetary input (i.e., the quality of the students before 
receiving the business school education). We use GMAT 
scores as a measure of average student quality.6 Because the 
typical time required for an MBA program is two years, we 
obtain the relevant GMAT score of each graduating class by 
lagging the reported GMAT score by two years. For mea- 
suring the efficiency dimension of education performance, 
we consider the primary monetary inputs for business 
schools (i.e., the tuition and fees students paid, as well as 
other finances from nonstudent sources, such as alumni 
donations and public grants). Tuition and fees are reported 
by USN. However, donations and grants at the business 
school level are not publicly reported. Therefore, we use the 
endowment of the university to control for nontuition mone- 
tary input. We convert the tuition for each year and average 
endowment into 1998 dollars. Finally, for overall education 
performance of a business school, we consider both the 
monetary and the nonmonetary inputs Hes tuition, endow- 
ment, and GMAT score). 

Our specific measures of education Veronae are 
inspired by a rich tradition in economics, accounting, and 
finance of using residual-based measures of performance 
(e.g., Bartelsman and Dhrymes 1998; Griliches 1996; 
Schoar 2002).7 For example, in economics, the well-known 
Solow residual is a number describing empirical productiv- 
ity growth in an economy from year to year (Arrow et al. 
1961; Hall 1988). Similarly, in finance, accounting, and 
marketing, event studies measure the impact of events using 


Subsequently, we use an alternative measure of student quality 
(acceptance rate) to demonstrate the robustness of our results. 

7Subsequently, we use an alternative measure of education per- 
formance (students’ instructor ratings in two schools) to demon- 
strate the robustness of our results. 
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residuals of stock returns—that is, the part of stock returns 
not explained by the market index return (e.g., Brown and 
Warner 1985; Fama and French 1992; Markovitch and 
Golder 2008). In a similar spirit, we regress the expected 
salary of the graduating class (output) with the appropriate 
inputs and obtain the residuals of these regressions. These 
residuals (i.e., the differentials between the actual expected 
salary and the fitted expected salary, based on these regres- 
sions) provide our three measures of education perfor- 
mance—effectiveness, efficiency, and overall performance.8 

The residual in any regression captures a combination 
of random error and any omitted factors. If a business 
school’s output is more than what is expected on the basis 
of its input, the residual is positive. This outcome could be 
due to either random error or omitted factors that include 
the educational experience provided by the business school. 

Our measures of education performance have three 
important characteristics. First, although we use the residu- 
als as measures of business schools’ education performance, 
readers may prefer to interpret the results in terms of stu- 
dents’ excess salary (i.e., the portion of salary not explained 
by monetary inputs, nonmonetary inputs, or both). Because 
we are primarily interested in understanding the effects of 
academic research, students’ excess salary is an important 
outcome in itself to evaluate. Second, there are temporal 
differences between the input and the educational experi- 
ence as well as the output. For example, students take the 
GMAT before beginning their educational experience, and 
placement occurs after both the GMAT and some or all of 
their educational experience. Third, if there are underlying 
variables driving both the input and the educational experi- 
ence, the residual nature of our measures makes our 
approach conservative. In these cases, the residual is less 
likely to contain information on an underlying variable that 
is regressed out as part of the input. 

Our three measures of education performance (i.e., 
effectiveness, efficiency, and overall performance) focus on 
inputs and outputs of the students’ educational experience. 
An important component of the education experience is 
classroom instruction. Therefore, in the validation section, 
we report the correlation between our education perfor- 
mance measures and instructor ratings from students in two 
major U.S. business schools. In addition, we show the long- 
term impact of academic research on these students’ ratings. 

Our overall data set contains annual observations of the 
weighted and raw number of articles in 24 peer-reviewed 
journals, performance perceptions of academics and 
recruiters, applicants’ acceptance rates, GMAT scores, start- 
ing salary, employment status of graduates (three months 
after graduation), and tuition for 57 MBA programs over a 
period of 18 years (1989-2006). On the basis of these data, 
we compute three measures of education performance 
(effectiveness, efficiency, and overall performance) for 
these programs. In addition, we have the average endow- 
ment and a categorical measure of reputation for each busi- 
ness school’s parent university. Because we have variables 


8Because we do not find any significant time trend after 
accounting for the year-level fixed effects, we do not include a 
trend variable in these models. 


lagged by one year, for our analysis, we use a time series up 
to 17 years for these 57 business schools.? 


Results 


We begin by presenting descriptive results of our data. 
Then, we discuss the model results and our findings on each 
hypothesis. Finally, we examine the robustness of our 
results to certain modeling and data assumptions using 
alternative model specifications discussed in the model зес- 
tion. In this section, we also use additional data to validate 
our measures of education performance in business schools. 


Descriptive Results 


Prior research has examined the correlations of research 
with both teaching and MBA program performance. 
Although correlations cannot be used to draw inferences 
about causal effects, in Table 2, we present correlations 
between academic research and performance perceptions of 
academics, recruiters, and applicants. Likewise, in Table 3, 
we present correlations between academic research and our 
three measures of education performance. 

Across all MBA programs over the 1989—2006 period, 
the average correlations between academic. research and 
performance perceptions of academics, recruiters, and 
applicants are —.64, —51, and —.39, respectively. Negative 
correlations mean that more research is associated with 
ranks closer to one and smaller acceptance rates. Previous 
research has not provided any benchmarks for comparison, 


9Not all time series are 17 years, because some schools are not 
in the top-50 MBA programs every year. 


though it is not surprising that the highest correlation is 
between academic research and academics' performance 
perceptions. However, these findings are similar to studies 
that report correlations between academic research and 
popular press measures of overall MBA program rankings 
(Siemens et al. 2005; Trieschmann et al. 2000).10 Notably, 
we find that the correlations between academic research and 
applicants' acceptance rate are becoming more negative 
over time, but there is no time trend in the correlations with 
other constituents' perceptions. 

The average correlations of academic research with our 
three education performance measures—effectiveness, effi- 
ciency, and overall performance—are .53, .34, and .34, 
respectively. These results contrast with existing literature, 
which finds academic research and teaching performance to 
be "essentially unrelated" (Feldman 1987, p. 275; see also 
Hattie and Marsh 1996). A potential explanation for the dif- 
ferent results is that previous studies focused on short-term 
effects within individual classrooms, whereas we focus on 
education performance of the entire MBA program. 
Because research may have long-term effects on education, 
this broader measure and longer time frame may be better 
for capturing the overall impact of a business school's 
research culture. 

Before estimating our models, and because we hypothe- 
size that academic research drives changes in performance, 
we first must establish that academic research itself is 


10However, through an empirically derived structural model of 
selected organization-level variables, Trieschman and colleagues 
(2000) find no significant relationship between research and over- 
all MBA program performance in the presence of other variables. 





TABLE 2 
Correlations of Academic Research and Constituents' Performance Perceptions 
Academics’ Recruiters’ Applicants’ 

Year Perceptions Rank@ Perceptions Ranka Acceptance Rate> 
2006 `-.59 —.47 –.48 
2005 —.60 —.40 —.50 
2004 —.74 —.64 —.60 
2003 —.70 —.57 —.52 
2002 —67 —47 —.53 
2001 | . | —.64 —.51 —.52 
2000 —.69 —.61 —.57 
1999 —71 —.63 —.60 
1998 —.69 —.56 —.61 
1997 —.65 —.59 —.40 
1996 —.68 —.56 —.23 
1995 —.61 —.54 —.27 
1994 —.69 —.46 —.31 
1993 —.59 —.50 —.06 
1992 —.64 —.45 —.36 
1991 —.56 —37 —.22 
1990 —54 —43 -.10 
1989 —.59 —.38 —.19 
Average —.64 —.51 3 —.39 
Linear trend¢ Not significant Not significant Negative (p « .01) 


&Measured In ordinal rank; a negative correlation Indicates that more academic research із associated with a better rank. 
bMeasured as a percentage of the number of applications received; a negative correlation indicates that more academic research is associated 


with а lower acceptance rate. 


oNegative trend denotes a higher negative correlation over time; more academic research Is more highly associated with better academics’ and 


recruiters’ perception rank and lower acceptance rate over time. 
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TABLE 3 


Correlatlons of Academic Research and Education Performance 
ЕЕ О Ne | __ = MN 


Educational 
Year Effectivenessa 
2006 46 
2005 48 
2004 56 
2003 46 
2002 47 
2001 47 
2000 57 
1999 .68 
1998 .57 
1997 .64 
1996 .60 
1995 .59 
1994 .65 
1993 44 
1992 .37 
1991 51 
1990 N.A.d 
1989 N.A. 
Average 53 
Linear trende Not significant 


Educatlonal Overall 
Efficiency> Performancec 

.39 .34 
.34 .29 
42 .37 

^ 31 ‚24 
‚29 ‚25 
31 30 
47 43 
.58 .60 
.47 46 
.35 43 
46 51 
41 .48 
.27 .35 
17 22 
13 .02 
.21 .10 
.26 М.А. 
.19 М.А. 
.34 .34 

Not significant Not significant 


аМеазигед as a student's starting annual salary in excess of that predicted by the student's GMAT score, in dollars. 
bMeasured as a student's starting annual salary in excess of that predicted by tuition and university endowment, in dollars. 
сМевавигед as a student's starting annual salary in excess of that predicted by the student's GMAT score and tuition, as well as university 


endowment, In dollars. 


dWe cannot compute the effectiveness and overall performance for 1989 and 1990, because relevant GMAT figures are not avallable. 


efor the absolute value of the correlation over time. 


changing during the period of our data. Indeed, we find 
major changes over time for academic research productiv- 
ity. A paired difference test between academic research in 
the first and last years of our data shows that the change is 
significantly different from zero (p « .01). In addition, as 
expected, we find that the variance of academic research is 
significantly higher than the variance in performance per- 
ceptions for each type of constituent (p « .01). 


Impact of Academic Research on Perceptions of 
Multiple Constituents 


In Table 4, we report the effect of academic research on the 
performance perceptions of three constituents of business 
schools—academics, recruiters, and applicants. Both the 
lagged perceptions and the lagged academic research 
parameters are significant. As we discussed previously, this 
indicates carryover; that is, a change in academic research 
tends to have persistent effects on MBA program perfor- 
mance over time (Jacobson 1990). In other words, the per- 


ceptions of an MBA program in a particular year are depen- ' 


dent not only on research during that year but also on 
research in previous years. Although these carryover effects 
persist over an infinite time horizon, the empirical questions 
are as follows: (1) What are the short-term and long-term 
effect sizes? and (2) What are the durations of these effects? 
Therefore, we compute effect sizes and carryover durations 
for academic research on the performance perceptions of 
academics, recruiters, and applicants. 

We find a significant short-term effect of academic 
research on academics' perceptions (p « .01), meaning that 
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more research is associated with improved perceptions (1.е., 
lower rank). As we expected, academic research does not 
have a significant short-term effect on recruiters' and appli- 
cants’ perceptions. In contrast, over the long run, we find 
significant effects of academic research on academics' per- 
ceptions (p « .01) and a marginally significant effect on 
recruiters' and applicants' perceptions (p « .1). Although 
these results may support the belief (or at least the hope) of 
many business school faculty members, they provide the 
first empirical evidence of these important effects of acade- 
mic research. Moreover, they help refute the conjectures of 
some authors (i.e., Bennis and O'Toole 2005; Pfeffer and 
Fong 2002) that academic research is a disservice to a busi- 
ness school's nonfaculty constituents. Overall, these results 
support Н; and Н». 

Нз predicts that the carryover duration will be the short- 
est for academics, and we find support for this hypothesis. 
In addition, we find that applicants! perceptions have the 
longest carryover duration. 

Research productivity during any single year for Ше 57 
business schools in our database ranges from the equivalent 
of 1 to 31 single-author articles (average — 8.3). We find 
that an increase of one single-author article has a long-term 
impact of improving academics' perceptions by one-third of 
a rank and recruiters’ perceptions by one-sixth of a rank. 
Similarly, one additional article improves applicants' per- 
ceptions in the long run, as reflected by a decline in accep- 
tance rate of .38%. However, on average, across the three 
types of constituents, it takes more than four years to realize 
these benefits of academic research. We believe that these 


results are highly important. They demonstrate the positive 
impact of academic research on several constituents of busi- 
ness schools outside their own faculty members. 


Impact of Academic Research on Education 


cussed previously, we examine three related performance 
measures—effectiveness, efficiency, and overall perfor- 
mance. Next, we discuss the results of estimating Equation 
4. Because effectiveness is the amount of starting salary in 


excess of that predicted by the GMAT score, we control for 
the monetary inputs (i.e., tuition and endowment). Simi- 
larly, because efficiency is the amount of starting salary in 
excess of that predicted by the tuition and endowment, we 


Performance of Business Schools 


In Table 5, we report the impact of academic research on 
education performance of business schools. As we dis- 





TABLE 4 
Effect of Academic Research on Multiple Constituents' Perceptions 
Academics’ Recrulters’ Applicants’ 
Perceptions Ranka Perceptions Rank? Acceptance Rate> 

Intercept 17.46*** 15.59*** 15.12*** 
Lag dependent variable .42*** .44*** .63*** 
Academlc research —.08** .02 —.07 
Lag academic research -.12*** – 11“ —.07* 
University endowmente —.12*** —.22*** —.06*** 
R2 (96) | 34.3 24.9 39.7 
Number of observations 799 799 722 
Unit Ordinal Ordinal Percentage 
Short-term effect of a single-author articled —.12*** Not significant Not slgnificant 
Long-term effect of a single-author articled —.34*** —.16* —.38* 
90% carryover duration of a single-author articled 3.35 years 4.12 years 5.54 years 
*p s 10. 
“ps .05. 


жак 


01. 
зМеазигед In ordinal rank; perception improves when rank decreases. 
bMeasured as a percentage of applicants accepted; perception Improves when acceptance rate declines. 
¢Measured In units of hundreds of millions of dollars. 
dBased on Equation 2. 


TABLE 5 
Effect of Academic Research on Education Performance 





Varlable Equation 4 Effectiveness? Efficlency5 Омега! Performance^ 
Intercept bo —6630.86** —23,283.40* —297.79 
Lag education performance b4 .gg*** .38*** .36** 
Academic research Do 36.61 32.89 45.19 
Lag academic research bs 110.07** 121.38** 137.32** 
GMAT? 36.74* 
University endowmente 85.59*** 
Yearly tuitiont 227.88“ 
Number of observations 799 749 749 
Long-term effect of one single-author article for a 

business school (in starting salary $/student)9 215.71** 248.82** 285.17** 
90% carryover duration of one single-author article 

for a business school (in years)9 2.86 3.23 3.08 
*ps ЛО. 
“ps 05. 
***p & 01. 


aMeasured as a student's starting annual salary п excess of that predicted by the student's GMAT score, in 1998 dollars. 

bMeasured as a student's starting annual salary in excess of that predicted by tuition and university endowment, in 1998 dollars. 

cMeasured as a student's starting annual salary in excess of that predicted by the student's GMAT score and tultlon, as well as university 
endowment, in 1998 dollars. 

dL agged by two years to reflect the GMAT score of the same group of students with the expected salary. 

eMeasured In hundreds of millions of dollars. 

fMeasured in thousands of dollars. 

зВазед on Equation 2. 
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control for the nonmonetary input (і.е., graduates’ GMAT 
scores). Because our overall performance measure is the 
amount of starting salary in excess of that predicted by 
GMAT score, tuition, and endowment, we do not control for 
these inputs. 

For all three of our measures of education performance, 
we find a significant effect of lagged academic research. 
The parameters for academic research, lagged academic 
research, and the lagged dependent variables depict a state- 
dependent carryover process. We compute the effect size 
and the 9096 carryover duration according to these parame- 
ter values. We find that academic research has significant 
long-term effects on all three measures of education perfor- 
mance (p « .05). For effectiveness, we estimate the long- 
term effect of one single-author article to be more than 
$200 (in 1998 dollars) on the starting annual salary of a 
graduating student.!! Similarly, for efficiency, the long-term 


effect is approximately $250, and for overall performance, 





1This effect is positive for an increase in the number of articles 
and negative for a decrease in the number of articles. 


it is closer to $300. Across all three models, the carryover 
duration of the long-term effect of academic research is 
approximately three years. Overall, the consistency in 
results across our three measures of education performance 
provides strong support for На. | 


Impact of Reputation 


In Table 6, we report the parameters of our hierarchical 
model equations (Equations 5a and 5b). We find that the 
long-term effects of academic research across all three mea- 
sures of education performance are significant for the busi- 
ness schools in high-reputation universities. We compute 
the function of parameters in Equation 6 to examine 
whether these effects are larger than those of business 
schools in other universities (i.e., those that are not in a 
high-reputation, top-20 university). For effectiveness, we 
find significant support for the hypothesized effect of repu- 
tation (p « .05). For the overall performance measure, we 
find marginally significant support (p « .10). For efficiency, 
we find a directionally consistent result, though it is not sig- 
nificant. In addition, based on our overall measure of educa- 
tion performance, the long-term benefit of an additional 
single-author article for business schools in high-reputation 


TABLE 6 
Reputation’s Influence In Effect of Academic Research on Education Performance 
Equations Overall 
Varlable 5a and 5b Effectiveness Efficiency Performancec 
Intercept Do —6473.15* —25,167.5* —308.95 
Lag education performance bi .g4*** .39*** .36““ 
Academic research Do 69.10 35.52 43.49“ 
Lag academic research Dg 113.43** 145.99** 119.05* 
improvement В1о .03 .04 .06* 
Boo —89.21* —108.70 —62.35 
Bao 123.14** 64.74** 87.96* 
Improvement x high reputation Ва: – 11“ —.09* —.08** 
Boy 129.14*** 145.49*** 116.29** 
Bs; —36.04* —78.13* —31.85* 
СМАТЧ 39.60* 
University endowmente 82.17*** 
Yearly tuition! 231.71** 
Number of observations 799 749 749 
Long-term effect of one single- High reputation 418.32** 310.47* 413.02** 
author article (in starting salary + Improvement 
$/student) Others + Improvement 343.59** 241.32 324.40* 
90% carryover duration of one High reputation 2.49 2.89 2.88 
single-author article (in years)? 4 improvement 
3.37 4.04 3.72 


Others Improvement . 


“p< 01. 


‘Measured as a student's starting annual salary in excess of that predicted by the student's GMAT Score, in 1998 dollars. 
bMeasured as a student's starting annual salary in excess of that predicted by tuition and university endowment, in 1998 dollars. 
Measured as a student's starting annual salary п excess of that predicted by the student's GMAT score and tuition, as well as university 


endowment, in 1998 dollars. 


dLagged by two years to reflect the GMAT score of the same group of students with the expected salary. 


eMeasured in hundreds of millions of dollars. 
{Measured In thousands of dollars. 
Based on Equation 2. 
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universities is more than $380 per graduating student. For a 
similar increase, the benefit obtained by the other business 
schools in our data is approximately $300 per graduating 
student. Therefore, the benefits of research at business 
schools in high-reputation universities are more than 25% 
higher than those at other business schools. These results 
support Hs. i 

Next, we compute the carryover duration of an increase 
in academic research for high-reputation business schools. 
We find that for these schools, 90% of the benefits tend to 
be realized over an average of 2.75 years (based on an aver- 
age of the three education performance measures). For 
other business schools, the same benefit takes approxi- 
mately 3.7 years (i.e., 35% longer) to be realized. Although 
we cannot directly test for the significance of carryover 
duration, we can examine the parameters used in computing 
this duration. Specifically, we find two results that drive this 
difference in carryover duration. First, B4; is significant and 
negative, thus reducing the coefficient of the-lagged depen- 
dent variable. This result means that business schools in 
high-reputation universities have a lower proportion of car- 
ryover. Second, B»; is significant and positive, whereas Вз 
is significant and negative. Furthermore, В, is related to the 
coefficient of current academic research, whereas f; is 
related to the coefficient of lagged academic research. 
These three parameters all contribute to business schools in 
high-reputation universities having significantly larger 
short-term returns for increases in academic research. 
Therefore, the carryover duration is shorter, in support of 
Hg. Overall, this important asymmetry for reputation may 
provide a reason that high-reputation business schools tend 
to maintain their reputations over time. 


Trends in the Effect Size and Effect Duration of 
Academic Research 


We now explore whether the impact of academic research 
has changed over time across our six dependent measures 
encompassing constituents’ perceptions and business 
schools’ education performance. Because we need a few 
years' worth of data to be able to estimate our models, we 
adopt a moving window of five years to estimate effect 
sizes and durations. Table 7 reports the results of our 
estimations. We find two significant trends. First, the effect 
size of academic research has a significant, negative trend 
for recruiters’ perception rank (p « .05), which means 
that recruiters are increasingly sensitive to academic 
research. This evidence runs counter to recent calls for 
de-emphasizing research in business schools. Second, we 
find that the carryover duration for academic research on 
all three measures of education performance is significantly 
decreasing over time (p « .05). Similarly, we find margin- 
ally significant increases in effect sizes for education per- 
formance (i.e., student salaries) over time. 

These findings indicate that the educational value of 
academic research is being realized more quickly and more 
strongly. Notably, these three trends are associated with 
some media (e.g., BusinessWeek, Financial Times) that 
incorporate a research component into their MBA program 
rankings. In addition, as “business schools have gained vis- 
ibility,... innovative research has met with unprecedented 


media interest" (BusinessWeek 2007). Surprisingly, we find 
that the effect size of academic research has a marginally 
significant, positive trend for academics' perception rank 
(p « .1), which means that academics are becoming some- 
what less sensitive to academic research. 


Robustness of Our Results 


Robustness to new data and changes in measurement. 
First, our three measures of education performance are 
derived from the differentials between output and inputs. 
We believe that this approach reflects the overall educa- 
tional environment within a business school and its ultimate 
impact on students' salaries. However, other researchers 
have used students' instructor ratings as a more direct mea- 
sure of education performance. Although these measures 
may also reflect the popularity of instructors, students' 
expected grade, and class size, we still want to evaluate our 
results with this alternative measure of education perfor- 
mance. We were able to obtain these ratings at the course 
level during the 2001—2006 period for two business schools 
in our data set. We use these ratings in two ways. First, we 
compute the average instructor rating for each year and then 
calculate the correlations between these average ratings and 
the three measures of education performance. We find that 
the correlations range between .78 and .80 for one school 
and between .64 and .74 for the other school. These high 
correlations reflect our belief that there is some overlap in 
these measures, though they seem to be capturing different 
factors as well. Second, we model the short-term and long- 
term effects of academic research on students' instructor 
ratings across departments within each business school. We 
aggregate instructor ratings and academic publications into 
five departments: accounting, finance, information systems/ 
operations, management, and marketing. Thus, for both 
business schools over six years, we have data on five 
departments for academic research and students' instructor 
ratings. On the basis of these data, we use Equation 2 to 
estimate the short-term and long-term relationships between 
academic research and students' instructor ratings across 
departments within each business school. We do not use any 
of the control variables used in our previous models, 
because endowment, tuition, and GMAT scores are 
assumed to be the same across departments within each 
business school. In Table 8, we present the parameter esti- 
mates. For both business schools, we find that there are sig- 
nificant long-term effects of academic research (p < .05). 
The carryover durations of 2.2 years and 4.5 years are simi- 
lar to the carryover durations for our original three mea- 
sures of education performance. Overall, these results help 
validate our measures of education performance. More 
important, they confirm our finding that academic research 
has positive long-term effects on education performance in 
business schools. 

Second, we evaluate an alternative to GMAT scores for 
measuring incoming student quality for our models of effi- 
ciency and overall education performance. If admissions 
directors consider additional factors beyond GMAT scores, 
acceptance rate may provide a more general measure of stu- 
dent quality than GMAT scores. Therefore, we use accep- 
tance rate (lagged by two years), instead of GMAT scores, 
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TABLE 7 
Trends In the Long-Term Effect Size and Effect Duration of Academlc Research 


Long-Term Effect Size of Academic Research® 


Education Performance 





Academics’ Recrulters' Applicants’ Effectiveness Efficiency Overall 
Perceptions Perceptions Acceptance (in 1998 (In 1998 Performance 
Renk (Ordinal) Rank (Ordinal) Rate (96) Dollars) Dollars) (in 1998 Dollars) 
2002—2006 —.13 —.58 —.26 297.06 225.19 241.03 
2000-2004 —28 —.66 —.15 391.23 338.81 356.03 
1998-2002 —.22 —.50 —.65 450.65 360.53 396.05 
1996—2000 —.39 —.15 —.50 104.87 150.70 415.48 
1994—1998 —.25 —.03 —.09 261.54 244.78 143.27 
1992—1996 —.33 .05 —.12 69.35 65.69 235.03 
1990—1994 —.35 —.28 —.40 88.91 102.39 197.11 
Linear trendb Positive* Negative** Not significant Positive* Positive" Not significant 
(p « .09) (p « .05) (p « .06) (p « .08) 
Long-Term Effect Duration of Academic Research 
Education Performance 

Academics' Recruiters' Applicants' Overall 

Perceptions Perceptions Acceptance Effectiveness Efficiency Performance 

Rank (Years) Rank (Years) Rate (Years) (Years) (Years) (Years) 
2002—2006 2.47 2.61 3.49 2.78 2.69 2.60 
2000-2004 3.31 3.13 4.40 2.97 3.25 3.47 
1998—2002 2.40 5.07 7.21 3.73 4.11 2.87 
1996—2000 2.66 3.03 3.88 2.93 2.97 3.60 
1994—1998 2.48 5.09 3.50 3.71 3.90 4.86 
1992-1996 4.46 N.A.c 3.49 4.24 4.41 5.78 
1990—1994 4.89 5.73 4.12 4.03 4.19 4.99 
Linear trend Negative* Negatlve* Not significant Negative** Negative** Negative*** 

(p < .07) (p < .06) (p < .02) (p < .05) (p < .01) 

"ps.10 
“ps .05 
“ер <.01. 


вРог academics’ perceptions rank, recrulters' perceptions rank, and applicants’ acceptance гаје, a negative sign In long-term effect size denotes 
an Improvement in rank or a decrease in acceptance rate for an Increase In academic research. 

>For academics’ perceptions rank, recruiters’ perceptions rank, and applicants’ acceptance rate, a positive trend In long-term effect size 
denotes a decrease In effect size over time, and a negative trend denotes an increase In effect size over time. For education performance, 
positive trends in effect size denote Increases In effect size over time, and negative trends denote decreases in effect size over time 

сбиганоп в indeterminate in this case because the parameter of academic research is positive and larger than the negative lagged academic 


research parameter. 


to calculate educational effectiveness. Then, we model the 
impact of academic research on this alternative measure of 
educational effectiveness. The parameter estimates are not 
significantly different from our GMAT-based results, and 
the results on all hypotheses are the same. 

Third, we consider graduates’ average starting salary as 
the output measure of education performance, without also 
factoring in the percentage employed three months after 
graduation. Again, the results on all hypotheses are the 
same. 

Fourth, our measure of academic research does not 
account for the size of the faculty in a school. Unfortu- 
nately, we cannot obtain the faculty size of the 57 business 
schools over the complete period. Instead, we use three 
approaches. First, we obtain publicly available data col- 
lected by Washington State University researchers on the 
number of publications per faculty member in the market- 
ing departments of business schools (see www.vancouver. 
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wsu.edu/fac/cote_joe/pubstudy/productivity.htm). These 
data are based on publications in Journal of Consumer 
Research, Journal of Marketing, and Journal of Marketing 
Research between 1984 and 1999. The correlation between 
the total number of publications and the number of publica- 
tions per faculty is .83 (p < .001). Although these results are 
related only to marketing faculties, there is no reason they 
would be different for other disciplines. Second, we use stu- 
dent enrollment as a surrogate for faculty size. We find that 
this proxy measure is highly correlated (.887) with univer- 
sity endowment (a variable included in our model). Third, 
we divide our measure of academic research by student 
enrollment to obtain a measure of academic research per 
student. We rerun our analyses using this measure and, 
again, find support for all our hypotheses. 

Fifth, we evaluate whether using business school 
endowment, instead of university endowment, affects our 
results. Although business school endowment data are more 


TABLE 8 
Effect of Academic Research on Students’ 
Instructor Ratings In Two Business Schools@ 


Department- Department- 
Level Level 
Instructor , Instructor 
Rating of ‚ Rating of 
Varlables B-School Xa B-School Ya 
Intercept 3.85*** 2.13"* 
Lagged rating .18* .48*** 
Academic research .0086 —.0095 
Lagged academic 
research .021** А .026* 
R2 (96) 27.9 35.4 
1-7 Rating 1-5 Rating 
Unit Scale Scale 


Short-term effect 
of one single- 
author article> n.s. n.s. 

Long-term effect 
of one single- 
author articleb 

9096 carryover 
duration of one 
single-author 
article> 


“ps 10. 

“ps 05 

**p < .01. 

alnstructor rating measured on a 1-7 scale for departments of Busl- 
ness Schoo! X and on а 1-5 scale for departments of Business 
School Y. 

bBased on Equation 2. 

Notes: n.s. = not significant. 


.036** .032** 


2.18 years 4.50 years 


difficult to obtain, we were able to find 2007 data for 46 of 
the 57 business schools. Using this alternative measure of 
wealth, we still find support for three of our four hypotheses 
on the short-term and long-term effects. Only the long-term 
effect on applicants’ perceptions changes from marginally 
significant (p < .1) to not significant. 

Sixth, we examine the possibility that there are different 
effects of research on education at top-tier and second-tier 
business schools. We split our data at the ‘median of the 
schools’ overall USN rankings, averaged over all years. We 
rerun the model on the effects of academic research on 
overall education performance separately for top-tier and 
second-tier schools. In both samples, we find significant 
long-term effects of research on education performance. 

Seventh, we test the sensitivity of our results on reputa- 
tion effects by considering alternative cutoffs in our catego- 
rization of high-reputation universities. Specifically, we cat- 
egorize either top-15 universities or top-25 universities as 
high-reputation universities, instead of our previous top-20 
categorization. None of the parameters in: Tables 5 or 6 
change by more than one standard error as a result of the 
different cutoffs, and the results on all hypotheses remain 
the same. 

Eighth, we consider the effects of public versus private 
universities by including a categorical variable in the mod- 


els. We do not find any significant effects for this categori- 
cal variable. 


Robustness to changes in model specification and esti- 
mation. First, we consider our model specification and the 
important issue of endogeneity. There are two possible 
sources of endogeneity—unobserved variables and other 
specification errors (e.g., reverse causality). Unobserved 
variables, such as students’ work experience, salary before 
matriculation, organization culture, or even random luck, 
could play a significant role in driving perceptions and per- 
formance. Although no method other than controlled exper- 
iments can truly recover causality from observational data, 
the time-series nature of our data enables us to examine the 
veracity of alternative explanations. To account for unob- 
served variables, we use lagged instruments for our depen- 
dent variables—that is, Riq – 1) and Riq – 2) in place of Ку 
and Ке – т. Thus, unobserved variables (at least those that 
are not autocorrelated) cannot influence the association 
between these lagged instruments and the dependent 
variables in our model, because the future cannot cause the 
past (Geweke 1984; Granger 1969; Jacobson 1990). There- 
fore, we modify Equation 2 as follows: 


Pj = boy + БР yt К – 1+ Бабе – 2 + Ent: 


On the basis of the results of this analysis, we continue to 
find support for all our hypotheses. Furthermore, the long- 
term effect sizes remain within one standard error of our 
original model estimates. 

Second, we conduct five model specification tests. First, 
we check for unit roots using an augmented Dickey—Fuller 
(ADF) test (Dekimpe and Hanssens 1995). Dekimpe and 
Hanssens (2003, p. 24) show that the appropriate model 
specification is contingent on the results of the ADF test. In 
particular, an autoregressive model at the absolute level of 
the variables is preferred when these variables are stable, 
whereas a difference model is preferred when these 
variables are evolving. We include two lags in the ADF 
model based on the Akaike information criterion (Nijs et al. 
2001). For each of the seven variables (academic research, 
three constituents’ perceptions, and three measures of edu- 
cation performance) and across all business schools, we 
find that the unit root null is rejected (for six of the seven 
variables, p < .01; for the other, p < .05). We also do not 
find any significant trend in these variables. These results 
indicate that our variables are stable and that our use of the 
absolute level of the variables is appropriate (Dekimpe and 
Hanssens 2003). Second, on the basis of the double 
prewhitening method, we find that a higher level of cross- 
correlation exists between the residuals of all six perfor- 
mance variables and academic research at a positive lag (for 
details, see Hanssens, Parsons, and Schultz 2001, pp. 313- 
15). Third, we use regression-based Granger- and Sims- 
causality tests. We find that all six relationships with acade- 
mic research (i.e., academics', recruiters', and applicants' 
perceptions, as well as effectiveness, efficiency, and overall 
education performance) exhibit causality in the proposed 
direction. Only academics' perceptions also exhibit signifi- 
cant causality in the reverse direction (p « .05). Fourth, we 
run simultaneous equation models as follows: 
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Ру = bo + Руст) + Буе _ 1) + Бэ, 2 + Бур and 


Ви = Co + сЕ 1) + Рут) + Ре —2) + Ee 


The objective is to evaluate how many of the significant 
relationships in our proposed causal direction are also sig- 
nificant in the reverse causal direction. We find that only 
three of the seven significant results in Table 4 are signifi- 
cant in the reverse direction. Moreover, all these relation- 
ships have t-statistics that are much smaller than those in 
the proposed direction. Although these results do not rule 
out reverse causality, they provide some support for our 
proposed causal structure. Fifth, because the number of 
time series is limited to 17 years, the asymptotic consis- 
tency of the parameters can be questioned. Anderson and 
Hsiao (1981) propose a simple consistent estimator for lim- 
ited time series based on an instrumental variable proce- 
dure. Thus, we use a first differences model: 


(Ри Рур) = by Pyt- 1 -Py-2 * Ки -Rg- 1) 
+ 6 (Ви-1-Ви-2) + Eye - gc 1 


Because the error term (yt — Gy – 1) 18 correlated with 
(Pit -1 — Pit -2), Anderson and Hsiao recommend Ри 2 as 
an instrumental variable for (Р _ ; – Р, 2). With this alter- 
native specification, we estimate our parameters and use 
these estimates to compute the short-term and long-term 
effects. For academics’ perceptions, recruiters’ perceptions, 
and overall education performance, the computed long-term 
effects remain significant and within one standard error of 
our original estimates. The long-term effect is not signifi- 
cant for students’ perceptions (i.e., acceptance rate). 

Third, we consider heteroskedasticity in our estimated 
error. We use jackknifing techniques to identify MBA pro- 
grams with large average residuals. We isolate these pro- 
grams sequentially and repeat the Goldfeld—Quandt test 
until the homoskedastic null is accepted (Sayrs 1989). 
Then, we reestimate Equation 3 without six such MBA pro- 
grams. Overall, these estimates are not significantly differ- 
ent from the base model estimates. 

Fourth, although the parameter estimates of Equations 3 
and 4 do not indicate serial correlation, we use a first-order 
autocorrelated error structure to check the robustness of our 
results. For this model, we reestimate these models by 
adding the condition 5; = Ө, jq. 1) + it. We use the Parks 
method to estimate this model's parameters and the covari- 
ance matrix using a two-stage generalized least squares pro- 
cedure. The results of this model are virtually identical to 
our original estimates. 


Discussion 


Faculty members at most leading business schools devote a 
substantial amount of their time to academic research. Sur- 
prisingly, however, there is little empirical support for the 
benefits of these endeavors. Even more surprisingly, the 
research that exists questions the value of academic 
research in fulfilling a business school's broad educational 
mission. This situation has provided an opening for critics 
of research to question its usefulness in today's business 
schools. To address this lack of empirical research and 
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begin to address some of the limitations in existing 
research, we evaluate the impact of academic research on 
multiple measures of business school performance. On the 
basis of data from 57 business schools over 18 years, we 
find the following: 


*Academic research has positive long-term effects on the per- 
ceptions of business schools by other academics, recruiters, 
and applicants. Among academics, some of these effects are 
also realized in the short run. 

*90% of the long-term effects on perceptions are realized over 
three to six years. 

*The effect sizes are large and meaningful. When a business 
school has a persistent increase of three single-author articles 
per year, its ranking among other academics improves by one 
place, and its student acceptance rate declines by 196. 

*Academic research has a positive long-term effect on three 
measures of education performance and, at least at two busi- 
ness schools, on students' instructor ratings. 

*А persistent increase of one single-author article per year is 
associated with an increase in graduates' average starting 
salary of approximately $250 (in 1998 dollars). This effect is 
approximately 2596 larger for business schools in higher- 
reputation universities in our sample. 

*More recently, academic research has had a stronger effect on 
recruiters' perceptions and shorter carryover duration on edu- 
cation performance. 


Implications 


Our findings have two general implications for all types of 
organizations and eight additional implications for business 
Schools. First, our study demonstrates the importance of 
evaluating both short-term and long-term effects of an orga- 
nization's activities. Previous research has focused on the 
contemporaneous relationship between research and educa- 
tion, but we find that the predominant impact of research 
occurs over the long run. Second, our study demonstrates 
the importance of considering various performance objec- 
tives held by multiple constituents. The impact of activities 
may differ across these objectives, and it is important to 
understand their effect sizes to allocate resources more effi- 
ciently. This effort is particularly important in nonprofit 
organizations because activities cannot be evaluated against 
8 common profit metric. 

With regard to business schools, our first implication is 
that the roles of knowledge exploration (research) and 
knowledge exploitation (education) in business schools are 
not competing activities. Our results show that exploration 
directly benefits exploitation in the short run with some of 
our performance measures and in the long run with all of 
our performance measures. Thus, business schools empha- 
sizing research are not favoring faculty at the expense of 
other constituents, as recent critics have charged. Second, 
business school administrators, who might previously have 
viewed research as competing with other business school 
activities, should now allocate more resources to research in 
light of its positive effects on the perceptions of important 
constituents and education performance. We hope that our 
study can begin to put an end to the belief that emphasizing 
academic research is not good for business schools’ broader 
educational mission (Bennis and O’Toole 2005; Pfeffer and 


Fong 2002). Such a revised belief should also lead to more 
government funding of business school research because of 
its ability to contribute to the general public good by edu- 
cating students and placing them in positions more valued 
by firms. Third, investments in academic research will 
benefit business schools in several ways. They will increase 
the overall performance of MBA programs, as measured by 
BusinessWeek, USN, Financial Times, and other publica- 
tions. Possible mechanisms for this overall improvement 
are evident in how academic research improves reputations 
among academics, recruiters, and applicants. Fourth, busi- 
ness school administrators must make a long-term commit- 
ment to improving research to benefit from such a strategy. 
Today's increased investment in research will likely gener- 
ate more journal submissions in two to three years. Then, it 
will take another two to three years for some of these papers 
to be published. Therefore, our finding of a three- to six- 
year carryover should be roughly doubled to realize the full 
return on increased investments in research. Аз a result, 
business schools may be wise to increase the tenure of their 
deans or to provide incentives based on long-term perfor- 
mance. These steps will ensure that a strategy of emphasiz- 
ing research is more likely to reward the dean who invests 
in that strategy rather than his or her successor. Currently, 
the lack of knowledge about long-term effects means that 
“poor performance in rankings is associated with a signifi- 
cant increase in the [immediate] likelihood of a dean leav- 
ing" (Fee, Hadlock, and Pierce 2005, p. 143). Fifth, 
although the effects of academic research appear to be more 
beneficial for MBA programs at higher-reputation universi- 
ties, other schools derive significant benefits as well. Sixth, 
business school administrators may want to undertake 
efforts to shorten the duration of the carryover effects by 
more actively promoting faculty members’ research to stu- 
dents, recruiters, and reporters. Students could be educated 
about the importance of research when selecting which 
school to attend because research will affect the quality of 
their educational experience and the future ranking of their 
school. Seventh, business schools may want to increase 
their recruitment of faculty members with articles in 


advanced stages of review to capture the benefits of their 
publications. Eighth, media rankings of MBA programs 
should incorporate an increased weight for academic 
research because of its relationship to multiple constituents 
and the objectives of business schools. Moreover, such a 
measure of academic research should include each disci- 
pline's core academic journals, in addition to more 
practitioner-oriented journals and books. 


Directions for Further Research 


Our study's findings and its limitations provide several 
opportunities for further research. First, researchers should 
expand the investigation of short-term and long-term effects 
across a broad range of organizational activities. In some 
cases, effects may be positive in tbe short run but not sig- 
nificant, or may even be negative, in the long run. By study- 
ing a variety of contexts, researchers may be able to 
uncover some generalizations about the lag structures 
between organizational activities and performance. Second, 
future studies on academic research could use panel data at 
the level of individual professors to examine the long-term 
effects of research on student ratings. In particular, it would 
be worthwhile to examine differences among disciplines, 
stages of careers, and a host of other individual characteris- 
tics. Third, future studies on business schools and other 
educational institutions could include lower-reputation 
institutions. Although we found an important effect of repu- 
tation, the role of academic research may be different at 
schools ranked outside the top 50 or at colleges that view 
their mission as primarily one of teaching. Fourth, 
researchers should try to replicate our findings on under- 
graduate business school programs. Finally, more fine- 
grained studies could lead to a better understanding of the 
process by which academic research has a positive impact 
on constituents’ perceptions and education performance. 
For example, do certain types of research have more of an 
impact on certain objectives? All these directions for further 
research should help expand knowledge of the important 
role of academic research in education. 
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V. Kumar, Rajkumar Venkatesan, & Werner Reinartz 


Performance Implications of 
Adopting a Customer-Focused Sales 
Campaign 


Through field experiments conducted in two business-to-business flrms, the authors evaluate the financial and 
relational consequences of adopting a customer focus in sales campaigns. In both the experiments, salespeople 
adopting the customer-focused sales campaign coordinated their sales calls with the objective of selling all the 
products that a customer was predicted to purchase only at the time the customer was expected to purchase. The 
authors compare this strategy with the current practice in the organization in which salespeople for each product 
category independently contacted the customers who were expected to purchase in that category without any 
guidance on the expected timing of customer purchase. The experiments show that adopting a customer-focused 
sales campaign can significantly increase firm profits and return on Investment. The total incremental profits 
obtained from implementing the customer-focused sales campaign was more than $1 million. High-revenue 
customers were the source of improvements in the efficiency of marketing contacts, whereas low-revenue 
customers were the source of improvements in the effectiveness of the marketing contacts. A customer-focused 
sales campaign also improved the relationship quality between the customer and the firm. This research provides 
empirical evidence for theoretical expectations of the benefits provided by a customer-focused sales campaign. 
Organizations can use the field experiments illustrated In this study as a template for implementing the first step in 


migrating to a customer-centric organization. 


Keywords: customer focus, field experiment, cross-selling, performance metrics, sales force coordination 


ccording to a 2003 Gartner Report (Shah et al. 2006, 

p. 1), “By 2007, fewer than 20 percent of marketing 

organizations among Global 1000 enterprises will 
have evolved enough to successfully leverage customer cen- 
tric, value added processes and capabilities.” The report also 
states (p. 1) that “by 2007, marketers that devote at least 50 
percent of their time to advanced, customer centric market- 
ing processes and capabilities will achieve marketing ROI 
[return on investment] that is at least 30 percent greater than 
their peers, who lack such emphasis.” Our research reveals 
that many Fortune 100 firms, such as Citigroup, General 
Electric (GE), United Technologies Corporation, and Pep- 
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siCo, have organized their marketing and sales activities 
around the products they offer rather than the customers 
they serve. 

Anecdotal evidence finds that customer centricity is 
often misinterpreted by organizations as selling a bundle of 
products to all customers. For example, Gulati (2007) indi- 
cates that GE medical systems faced major setbacks when 
equipment salespeople also began selling consulting ser- 
vices for all GE’s customers. By marketing the unit’s con- 
sulting services with its product portfolio, GE generated 
solutions for customers whose problems could be solved 
using GE’s equipment, but these services were less com- 
pelling for those whose needs were linked only loosely to 
the imaging products. In another context, because of 
Hewlett-Packard’s failure to realize benefits from customer- 
focused sales campaigns and because of competition from 
more focused competitors, Mark Hurd scaled back Hewlett- 
Packard’s customer-centric initiatives. Whereas the earlier 
objective of Hewlett-Packard’s sales force was to sell prod- 
uct bundles to all customers, it was reorganized to be more 
product-focused, with the belief that it would reduce selling 
costs because less central coordination would be required 
(Burrows 2005). 

The academic literature suggests that the strategic 
advantage of a customer-centric organization is to create 
value for the customer and, in the process, to create value 
for the firm—that is, a focus on dual value creation (Bould- 
ing et al. 2005). A successful migration from a product- 
centric to a customer-centric organization is expected to 
proceed through a multistage process of aligning the organi- 
zation’s structure, performance metrics, processes (espe- 
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cially customer-facing activities, such as sales calls), and 
culture to be externally focused with the objective of satis- 
fying customers' needs (Shah et al. 2006). The first step in 
this migration is proposed as the informal coordination of 
customer-connecting activities, such as sales calls across 
product silos (Day 2006)—that is, implementing a 
customer-focused sales campaign. Although customer- 
focused sales campaigns are theoretically expected to 
increase profits and improve ROI, firms' adoption of 
customer-focused sales campaigns has been low (Day 
2006). Major reasons identified in the literature (Day 2006; 
Gulati 2007; Shah et al. 2006) for the failure of the migra- 
tion toward a customer focus include (1) poor implementa- 
tion of the coordination of customer-facing activities across 
product silos, (2) the failure to understand customer 
requirements across product categories, and (3) the failure 
to customize firm offers to customer requirements. 

Our goal in this study is to provide an assessment of the 
consequences of implementing a customer-focused sales 
campaign through field experiments. Following the dual 
value creation objective of customer centricity, we assess 
the performance of customer-focused sales campaigns 
using both relational and financial metrics. The relational 
metrics provide an evaluation of customer perceptions of 
the value provided by a customer-focused sales campaign. 
The financial metrics enable us to evaluate whether a 
customer-focused sales campaign provides value to the 
firms. In the field experiments, we control for the accuracy 
of customer knowledge available to salespeople and evalu- 
ate the consequences of aligning a sales force along cus- 
tomers or products. Objective evidence regarding the bene- 
fits obtained from adopting a customer-focused sales 
campaign can serve as an aid for top management to gain 
support for initiatives that would help develop a customer- 
centric organization (Gulati and Oldroyd 2005). The field 
experiments can provide organizations with a template for 
implementing the first step in migrating toward a customer- 
centric organization. 

Through the field experiments, we also intend to con- 
tribute to the theoretical understanding of customer-focused 
organizations by generating insights into the process of ROI 
improvement. In other words, if profit consequences can be 
demonstrated, we attempt to understand the source of these 
benefits. Higher profits can be obtained from cost reduction 
(greater efficiency), revenue growth (greater effectiveness), 
or both. Improved efficiency of targeting implies that the 
organization is able to reduce the campaign cost while 
maintaining overall revenue levels. For example, by under- 
standing each customer's total needs, a firm'can design a 
single, consistent message, leading to a lower number of 
sales calls required to complete a sale. An improved effec- 
tiveness of targeting implies a match between customer 
needs and either the type of message or the timing of the 
message. For example, predicting when a customer is likely 
to purchase and timing the sales call to coincide with the 
customer's expected purchase time would enable a firm to 
achieve better customer penetration, thus Jeading to higher 
revenue. We propose that a customer-focused sales cam- 
paign can provide efficiency and effectiveness gains relative 
to a product-focused sales campaign. 


To summarize, in this study, we present two case studies 
in which we (1) conduct a field experiment that explicitly 
compares the proposed customer-focused sales campaign 
with a more traditional product-focused sales campaign and 
(2) assess the efficiency and effectiveness of the customer- 
focused sales campaign by documenting relationship qual- 
ity, cost, revenue, and ROI implications. 

The empirical context of the first field experiment is an 
organization that markets a range of high-technology prod- 
ucts and services to other firms. In each planning period 
(quarters), the company allocates sales campaign resources 
(or marketing investments) to contact its customers for three 
principal product categories: Al, A2, and A3.! The first 
field experiment shows that the firm can obtain impressive 
financial returns from adopting a customer-focused sales 
campaign. For an average investment of $5,000, which was 
required by both the test- and the control-group customers, 
the test-group customers provided $13,253 in profits, 
whereas the control group provided only $9,584 in profits. 
The test-group customers, who were exposed to a customer- 
focused sales campaign, provided more than $1 million in 
total incremental profits compared with the control-group 
customers, who were exposed to a product-focused sales 
campaign. The total profits from the test-group customers 
were more than $3.7 million. 

The results from the second field experiment, which 
was conducted in another multinational organization in the 
telecommunications industry, validate the results from the 
first field experiment and improve the generalizability of 
our findings. This telecommunications firm provided four 
different services in the business-to-business (B2B) envi- 
ronment. We observed in the second field experiment that 
for an average investment of approximately $4,000, cus- 
tomers in the test group provided $10,082 in profits, 
whereas the control group provided only $7,938 in profits. 
The test-group customers provided more than $500,000 in 
incremental profits compared with the control-group cus- 
tomers and $2.4 million in total profits. 

In the next section, we provide the conceptual back- 
ground and develop hypotheses regarding the benefits from 
adopting a customer-focused sales campaign. We then pro- 
vide the context of the first field experiment, illustrate the 
model used to develop predictions of the customer require- 
ments used in the experiment, and provide the results of the 
model estimation and details of the results observed. Fol- 
lowing this, we contrast the second field experiment with 
the first to highlight the generalizability of our findings. 
Next, we provide a discussion of the results and highlight 
their managerial implications. Finally, we provide the limi- 
tations of our study and provide suggestions for further 
research. 


Conceptual Background and 
Hypotheses 


The concept of customer focus or customer centricity has 
been discussed widely in the marketing literature. For 


1We are unable to reveal the product category because of сопй- 
депна у reasons. 
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example, Deshpandé, Farley, and Webster (1993, p. 27) 
define a customer orientation (which has also been referred 
to as customer focus) as the “set of beliefs that puts the cus- 
tomer’s interest first, while not excluding those of all other 
stakeholders such as owners, managers, and employees in 
order to develop a long-term profitable enterprise.” Further- 
more, Shah and colleagues (2006, p. 115) suggest that “the 
true essence of the customer-centricity paradigm lies not in 
how to sell products but rather on creating value for the cus- 
tomer and, in the process, creating value for the firm.” 
Although most of the early literature concentrated on the 
performance benefits of an organizationwide focus on cus- 
tomers, there is a dearth of research on implementation of 
various steps required in the migration to a customer- 
focused organization. Therefore, our experiment takes a 
narrower view and tests the benefits from a customer- 
focused sales campaign. This activity is considered the first 
step in the migration.toward a customer-centric organiza- 
tion (Day 2006). The customer-focused sales campaigns 
can be considered an organizational process that needs to be 
implemented for an organization to be customer centric 
(Shah et al. 2006). 

In a customer-focused sales campaign, the entire set of 
product or service needs for each customer or customer seg- 
ment and the consumption rate (1.е., purchase frequency) of 
the customer are first identified. The firm's sales calls 
would then focus only on each customer's needs and would 
target the customer only when the need is expected to arise. 
А customer-focused sales campaign would entail coordinat- 
ing sales calls across product silos to address each cus- 
tomer's expected needs. In other words, salespeople from 
different product specializations would coordinate their 
sales calls to provide a coherent and consistent message to a 
customer who has a need for multiple products. 

In contrast, under a product-focused sales campaign, a 
firm would identify the customers who are likely to purchase 
a product. The sales force of that product division would 
then target all the customers who are likely to purchase that 
product. Within a product-focused sales campaign, the same 
customer is likely to be targeted by different salespeople 
(each with a specialization in a particular product) separately 
and multiple times from the same firm. As Shah and col- 
leagues (2006) indicate, the goal of a product-focused sales 
campaign is to maximize the number of customers to whom 
a product can be sold. Conversely, the goal of a customer- 
focused sales campaign is to maximize the extent to which 
the firm's products address customers' needs. The sales- 
people in a product-focused sales campaign do not aim to 
contact customers only when they expect customers to need 
the product. Therefore, a customer focus in a sales campaign 
calls for both coordinating sales calls across product silos 
and restricting the timing of sales calls to coincide with the 
expected customer purchase rate. 

Customer-focused sales campaigns are different from 
customer-oriented selling. In customer-oriented selling, a 
salesperson assists customers in making purchase decisions 
that aim to satisfy their underlying needs (Siguaw, Brown, 
and Widing 1994), and it refers to the behavior of a single 
salesperson. However, we are interested in the orientation 
of the entire sales campaign across salespeople, product 
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categories, and time. Salespeople could individually prac- 
tice customer-oriented selling for their respective product 
category, but the resultant sales campaign is still product 
focused if there is no coordination among salespeople from 
different product category groups. Furthermore, salespeople 
would need to know the timing of customer purchases to 
coordinate their sales calls. 


Impact of Customer-Focused Sales Campaigns 


Consistent with theoretical expectations, previous empirical 
research has found that the collection and integration of 
customer information needs to coexist for improved perfor- 
mance (Jayachandran et al. 2005). In addition to sharing 
customer information, the benefits of a customer focus can 
be obtained only if the acquired customer information is 
deployed in customer-facing activities (i.e., sales calls) in a 
manner consistent with the philosophy of customer centric- 
ity. However, the benefits obtained from an effective and 
consistent deployment (in customer-facing activities) of the 
information obtained from customer data have not been 
explored. 

Recall that we defined a customer-focused sales cam- 
paign as one in which salespeople coordinate their contact 
strategy across product categories, salespeople, and time to 
address customers' underlying, dynamically changing 
needs. We propose that such an approach has a positive 
association with customer-level revenues, a negative asso- 
ciation with customer-level costs to serve, and a positive 
association with relationship quality compared with a 
product-focused sales approach. 

The positive association with revenue generation (i.e., 
improved effectiveness of marketing actions) is likely to 
come from the following factors: First, there is a greater 
likelihood of sales conversion because of a better alignment 
with customers' needs as a result of possible complemen- 
tary cross-category effects and better incorporation of 
purchase-timing information. Second, there is upside vol- 
ume potential because of the various possible category 
combinations now coming from the same firm (as opposed 
to sales potentially lost to competitors for individual 
products). 

The negative association with costs of serving cus- 
tomers (i.e., improved efficiency of marketing actions) is 
likely to come from the following effect: Because of the 
incorporation of the purchase-timing component, there will 
be a better alignment of actual sales interventions and occa- 
sions of high purchase propensities. For example, sales- 
people might consciously spend more time with established 
personal contacts, even though they have little additional 
sales potential, rather than targeting potentially interesting 
but personally unknown customers. However, a model- 
based approach will help the salesperson use the scarce 
resource time as effectively as possible (Gensch 1984). 

Finally, we propose that there is a positive association 
between a customer-focused sales campaign and customer 
relationship quality, which is likely to come from the 
improved ability to address true customer needs. This 
improvement will be derived from the better matching of 
sales propositions with actually needed product require- 
ments, the better matching of sales propositions with actual 


timing of requirements, and the possible second-order syn- 
ergistic effects due to better product compatibility across 
categories and/or better internal functional coordination in 
the customer's organization. These effects should drive cus- 
tomer perceived value and satisfaction, which in turn should 
lead to improved loyalty and recommendation likelihood 
(Gupta and Zeithaml 2006). Formally, we hypothesize the 
following: 

Н;: A customer-focused sales campaign is associated with (a) 
higher revenues (i.e., improved effectiveness), (b) lower 
costs (i.e., improved efficiency), and (c) more improved 
relationship quality than a product-focused sales 
campaign. 


Sources of Performance improvement 


Conceptual models propose that, all else being equal, 
improved productivity can come from (1) more efficiently 
creating value—achieving equal response as before but with 
less input—and (2) efficiently creating more value—achiev- 
ing greater resource-produced value than before (Hunt and 
Morgan 1997). We further refine Н, and Нь by proposing 
different sources of these effectiveness and efficiency 
improvements. 

In particular, we argue that effectiveness and efficiency 
gains also depend on the historical level of sales calls or the 
level of marketing investment. Customers who receive a 
higher number of sales calls are likely to be those the firm 
expects to generate higher current volume (or bigher poten- 
tial). Similarly, customers who receive fewer sales calls are 
likely to be those the firm expects to generate lower current 
volume (or lower potential). This is the well-known endo- 
geneity phenomenon that has been well documented in 
direct-marketing contexts (Shugan 2004). Note that this 
endogeneity issue does not create any statistical problems in 
our context, because we are comparing two experimental 
groups at the same point in time. It can be hypothesized that 
the benefits flowing to the firm (efficiency and effectiveness 
creation) are distributed unequally among these two cus- 
tomer groups. Figure 1 illustrates our rationale for expect- 
ing different gains from these groups. 

Specifically, we hypothesize that the current high-sales- 
call customers are those who disproportionately contribute 
to the cost savings, whereas the low-sales-call customers 
disproportionately contribute to the revenue gains. This is 


because there is a ceiling effect among high-sales-call cus- 
tomers, who already spend a lot with the firm, and therefore 
they have little upside potential. Thus, we would expect that 
the gain, if any, would come from the cost-savings side (1.e., 
using fewer but more calculated sales calls). The low-sales- 
call customers have more of an upside potential, though 
they have a ceiling effect as well. Here, the ceiling effect is 
more likely due to an overall smaller wallet size or an over- 
all lower utility for the firm's offering. Therefore, although 
growth potential is likely, low-sales-call customers would 
never be expected to grow to the same size as high-sales- 
call customers. In addition, the possibility of savings gains 
from low-sales-call customers is low because they already 
receive few sales calls. Thus, there is a floor effect with 
respect to marketing touches. Formally, we hypothesize the 
following: 


Hz: The improvement in the efficiency of customer-focused 
sales campaigns is greater (a) for customers with a higher 
level of marketing investment and (b) for customers with a 
lower level of marketing investment. 


Field Experiment 1 


Method 

We conducted the first field experiment with a multinational 
firm that provides three product categories in the informa- 
tion technology industry to business customers. The firm 
that participated in this experiment is similar to a Fortune 
1000 firm in terms of annual sales, sales growth, net 
income, and number of customers. Through its strategic 
alliances, the firm provides products and services in three 
related major categories, which is typical of several high- 
tech firms, such as Microsoft, Dell, IBM, Hewlett-Packard, 
and Cisco. External storage devices, antivirus software, net- 
work servers, personal computers, and workplace produc- 
tivity software are examples of products that are analogous 
to those provided by the firm. The sales transactions for 
customers in the field experiment range from $5,000 to 
approximately $25,000. In this field experiment, customers 
are proposed a combination of three product categories: A1, 
A2, and A3. The sales force of the organization is also 
structured along this categorization strategy. Therefore, our 
product categorization allows for easy execution of the field 
experiment. 





FIGURE 1 
Effectiveness and Efficiency Gains Across Customer Segments 
Past Behavior Expected 
Customer Firm Current State Behavior 
Segment 1 Higher utility for Allocation of Customer has Gains, if any, 
offering, thus => higher level of — litle upside ====>> aro derived 
higher revenue sales calls potential from cost sav- 
ings (efficiency) 
Customer Firm 
Segment 2 Lower utility for Allocation of Customer has Gains, if any, 
offering, thus ami = lowerlovolo! шш} р» moderate шј aro derived 
lower revenue sales calls upside from revenue 
potential growth 
(effectiveness) 
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We use a sample of 566 customers, who are currently 
served by 850 salespeople. For a particular product cate- 
gory, more than one customer is assigned to a single sales- 
person. However, one customer can also be assigned many 
salespeople, such that each salesperson is responsible for a 
different product category. In other words, a customer can 
be contacted by a maximum of three salespeople given that 
there are three product categories. Thus, there are more 
salespeople than customers involved in this experiment. The 
customers are assigned to the test (пу = 283) and control 
(nj = 283) groups on the basis of matched-pair compari- 
sons. We compare the customers across several customer 
characteristics, such as establishment sales, number of 
employees, distribution of industry category, and behavioral 
factors (e.g., purchase frequency, total revenue, past cus- 
tomer value). The customer assignments to the test and con- 
trol groups are carried out such that the distribution of the 
previously mentioned factors is similar in both the test and 
the control groups. For example, we ensure that if the test 
group had 2096 of the customers with between 100 and 
1000 employees, approximately 2096 of the customers in 
the control group also had between 100 and 1000 employ- 
ees. We chose the factors used for the matched-pair com- 
parisons on the basis of our discussions with the organiza- 
tion that provided the data. The firm uses these factors to 
segment customers for sales and marketing purposes.? 
When we obtained the matched pairs, we randomly 
assigned the customers to the test and control groups. 
Depending on the customer assignment, we also assigned 
the corresponding salespeople to the test and control 
groups. We conducted the experiment for one year between 
the first quarter of 2006 and the end of the last quarter of 
2006. 


Customer-focused sales campaign. We use the predic- 
tions from a joint-timing and product category choice 
model to prioritize sales calls for customers in the test 
group. During the experiment, the customers in the test 
group are contacted only in the quarter when they are 
expected to make a purchase. The salespeople from the 
product categories that the customer is expected to purchase 
from work as a team to make coordinated sales calls. For 
example, if a customer is expected to purchase from prod- 
uct category Al, the salesperson responsible for A1 calls 
that customer. If a customer is expected to purchase from 
multiple product categories, salespeople from the respective 


product categories form a team to make coordinated or joint ` 


sales calls. For example, if a customer is expected to pur- 
chase from product categories Al and АЗ, both the sales- 
person responsible for A1 and the salesperson responsible 
for АЗ call this customer together. 


Product-focused sales campaign. The salespeople for a 
product category are proactive in proposing only their 
respective product categories on their sales calls to the 


7We did not match the test and control customers on sales ог 
sales growth (e.g., Lodish and Pekelman 1978), because all the 
customers selected in this experiment have similar sales. 
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control-group customers. The joint-timing and product cate- 
gory choice model also provides inputs for the control 
group. Unlike the test group, the salespeople remain aligned 
with their product category in the control group. We use the 
outputs from the joint-timing and product category choice 
model to identify customers who are likely to buy a particu- 
lar product category—for example, Al—in the experimen- 
tal period. The salespeople responsible for category A1 are 
provided the list of customers expected to purchase A1 and 
are instructed to contact these customers in the upcoming 
year. A. similar approach is implemented for product cate- 
gories A2 and A3. 

The timing of sales calls within the year is typically at 
the discretion of the sales force; in general, customers with 
а higher predicted purchase probability were contacted 
before others. Under a product-focused strategy, multiple 
salespeople (corresponding to the different product cate- 
gories) from the firm might contact a customer at the same 
time to propose their respective products. In addition, ignor- 
ing the timing of customer purchases could lead to sales- 
people from the firm proposing the right product to a cus- 
tomer at the wrong time, which could result in lost sales. 
Figure 2 illustrates the implementation of our field 
experiment. 

Salesperson compliance with the field experiment. Fully 
controlled laboratory experiments allow for random alloca- 
tion of participants to treatments in a between-subjects 
design to ensure that all other relevant factors do not vary 
systematically across treatments. In.contrast, our data are 
generated in a field experiment that does not allow for a 
similar level of controlled comparison. An issue that is 
important to monitor is whether the experimental condition 
generates a potential demand effect, which then might 
affect the participant's (salesperson's) behavior (Orne 
1962). In our case, it could be argued that participants know 
that their behavior is being observed and that this would 
generate potential deviations from their usual behavior. 
However, in our case, we had several conditions that would 
help minimize any potential demand effects. 

First, salespeople are not involved in the customer scor- 
ing process. The analysis and scoring of customers is con- 
ducted by a specialized market intelligence group, which 
then delivers the results to the sales function. Therefore, 
although participants were fully aware that a field experi- 
ment was being conducted, they were not aware of the 
kinds of models that were being employed. 

Second, both groups (test and control) were involved in 
the experiment. Thus, both groups were normalized insofar 
as they knew that an experiment was being conducted; this 
should minimize demand-effect impacts between the two 
groups. Furthermore, the ability to compare pre- and post- 
experiment behavior of the control group enabled us to 
determine that there was no significant behavior change 
with respect to our dependent measures. 

Third, the organization that we worked with has strong 
organizational processes in place. Indeed, this organization 
is well known among its peers for its thoroughly developed 
internal processes. Thus, compliance with existing sales 
processes and scripts is high, which helps minimize any 
potential demand effects. Another advantage of the strong 


FIGURE 2 
Customer-Focused Versus Product-Focused Sales Campaign 
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aThe best-performing model is chosen after a detalled comparison with other benchmark models presented In the Appendix. 


process orientation was that we did not need to revert to 
using incentives to motivate salespeople to engage in the 
test group. Rather, we found that incentives. would poten- 
tially aggravate the demand-effect problem and therefore 
would be counterproductive. 


Predicting Purchase Timing and customer 
Category Choice 


One aspect of a customer-focused sales campaign involves 
the ability to predict a customer’s category needs reliably. 
We accomplish this through a joint-timing and choice 
model because it addresses the main idea of a customer- 
focused sales campaign—that is, providing customers with 
all the products they need at the time they need them. We 
control for bias due to level of customer profitability by tar- 
geting only highly profitable customers as the sample for 
the field experiment. 

Figure 3 shows the conceptual objective of our model. 
Our joint approach to investigating purchase timing and 
category choice is based on the dynamic McFadden model 
formulation (for an application, see Chintagunta and Prasad 
1998). Although it is possible to implement our experiment 
using a simpler model structure, the proposed model struc- 
ture will enable us to minimize loss of revenue due to inac- 
curate predictions of customer behavior. In turn, this will 
enable us to assess and identify the potential gains of a 
customer-focused sales strategy. Therefore, we incorporate 
the recent developments in the literature to create a sophis- 
ticated model of purchase timing and category choice for 
the experiment. 


Let P;(t) denote the probability that customer i will pur- 
chase from the firm at time t, and let P,(j|t) denote the 
probability that customer i will purchase in product cate- 
gory j, given that the purchase time is equal to t. Then, the 
joint probability of customer i purchasing in product cate- 
gory j in time t, РК. j), is given by the following: 


(1) Р) = P(t) x P,Git). 


We assume that a customer has a specific interpurchase 
time for each of the products purchased from the firm. The 
interpurchase times in each product category will result in 
an overall interpurchase time for the customer with the firm. 
We model this interpurchase time using a statistical distri- 
bution, which answers the question, When is the customer 
likely to purchase next [P,(t)]? Knowledge about a cus- 
tomer's history of interpurchase times, the product cate- 
gories from which he or she purchased at each purchase 
instance, and the timing of the current purchase occasion 
will enable us to deduce consumption patterns in each prod- 
uct category and thus satisfactorily predict the category in 
which a customer is most likely to purchase [P,(j|t)]. We 
first develop our model formulation for each of the compo- 
nents, P;(t) and P,(j|t), and then we provide the joint likeli- 
hood function. As we explained previously, the joint proba- 
bility of purchase timing and category choice is the product 
of the marginal probability of purchase timing and the con- 
ditional probability of category choice, given purchase 
timing. 

Purchase timing [P,(t)]. We use a log-logistic distribu- 
tion to model customer interpurchase times because the dis- 
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FIGURE 3 
Conceptual Model Specificatlon 
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tribution accommodates а variety of forms and is suitable to 
model consumption patterns (Chintagunta and Prasad 
1998).3 The purchase times are measured from the same 
time origin to reflect the natural sequence of events; that is, 
the time for the first purchase, Ту, is less than the time for 
the second purchase, T», and so forth. If we assume a log- 
logistic distribution for interpurchase time, the probability 
that the kth purchase for customer i will occur at time t, 
given the timing of the customer's previous purchases, is 
given by the following: 


Yo. Yy — 1 
Q) A (t) 2YonYuty "o 


, 
1+ ym t, Yor 


where the two parameters of the log-logistic model are Yo 
and ук, both of which are greater than zero. The parameter 
Уну is expressed as ух = exp(Z,,C;), where б; are a set of 


response coefficients of customer i and Zi denotes the vec- | 


tor of variables for each customer i in purchase occasion k. 
We use a random-effects formulation to estimate customer- 
specific response coefficients, б. 

Category choice [p(j/t)]. At each purchase occasion t, 
customer i makes purchase decisions (Y;,) across J product 
categories. We model the observed binary (buy/not buy) 
decision for each product category j, in terms of latent utili- 
ties for the categories. The latent utilities for the jth cate- 
gory can be represented as follows: 


(3) Uyt = Xit X By + thy X Oy Ej 


where X, represents the covariates affecting the utility (uy) 
for product category j at time t for customer i, В; represents 





3On the basis of the Andersen-Darling tests, we found that a 
log-logistic distribution would represent the data best. In other 
words, we failed to reject the null hypothesis that the data belong 
to a log-logistic distribution at a significance level of © = .01. We 
rejected the null hypothesis for other distributions, such as log- 
normal, exponential, and Weibull. 
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the response coefficient for product category j,* and £j, is a 
random error obtained from a multivariate normal distribu- 
tion. We capture coincidence in purchases across product 
categories by allowing the covariance terms in the 
variance-covariance matrix of the multivariate normal error 
distribution to be nonzero. 

А customer is expected to make a purchase in a particu- 
lar product category if his or her latent utility in a product 
category is higher than a threshold that is set to zero in our 
model formulation. Therefore, we can represent the link 
between the observed behavior and the latent utility for 
product category j as follows: 


lifu, >0 
4 - 
i) У оғы 50 


This formulation of the category choice model repre- 
sents the multivariate probit model (Chib and Greenberg 
1998; Manchanda, Ansari, and Gupta 1999). We follow the 
procedure that Edwards and Allenby (2003) recommend to 
ensure that the model parameters are identified in the multi- 
variate probit formulation. Unlike previous applications of 
the multivariate probit model, we include only observations 
in which a purchase was made because we model the condi- 
tional probability of category choice given expectations 
about when a purchase is expected to occur rather than the 
probability of purchase in a product category in any time 
interval, such as weeks or months. 


Relationship between purchase timing and category 
choice. It can reasonably be assumed that a customer has an 
inherent purchase pattern for each product category. There- 
fore, we include the time elapsed since a customer pur- 
chased in product category J, ti, in the utility function for 
product j. We measure the covariate tj as the difference 


4Because customers do not purchase in all categories in our 
sample, allowing the coefficient to vary across customers also 
does not provide reliable estimates. 


between the period of the current purchase occasion and the 
period when product j was last purchased. This enables us 
to model explicitly the relationship between purchase tim- 
ing and product category choice. For example, a customer 
may be expected to purchase Al every six months and A2 
every three months. At the current purchase time t, if the 
time since the last purchase of А] (6, ру) is six months and 
the time since the last purchase of A2 (t$ = ро) is one month, 
the customer is more likely to purchase A1 at time t. 
Finally, О, is the response coefficient that measures the 
influence of th on the utility for product j. 


Joint likelihood of purchase timing and product cate- 
gory choice. The joint likelihood function for customer i is 
given by the following: 


® TE ur T ме. 
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where 


г; = the number of purchase occasions (spells) for 
customer i, 
Cy = 1 if the kth spell for customer i ends in a 
purchase and 0 if otherwise, 
Фк = 1 if customer i chooses product category j in 
spell К and 0 if otherwise, 
fit, jy) = the joint probability of purchasing in product 
category j at time t (Equation 1), and 
8(-) = the survivor function of the log-logistic distri- 
bution in the purchase-timing model. 


When an observation is censored (i.e., cy. = 0 V j), the 
likelihood function is not affected by the product category 
choice factor, Фу, and therefore depends only on the sur- 
vivor function s(-) of the log-logistic distribution. We esti- 
mate the model in Equation 5 using Markov chain Monte 
Carlo methods. We simultaneously estimate both purchase 
timing and category choice so that the variance in the inter- 
purchase time probabilities is accommodated in the estima- 
tion of the category choice probabilities. The Appendix pro- 
vides further details on the model framework; it compares 
our proposed framework with other benchmark models in 
which choice and timing models are estimated either inde- 
pendently or jointly and determines whether these models 
account for customer heterogeneity. 


Data 


Longitudinal information on each customer's purchase 
dates, the corresponding purchase category, and amount 
spent is available to the managers for decision making. 
Drawing from existing literature in cross-category pur- 
chases and customer lifetime value (Knott, Hayes, and Nes- 
lin 2002; Reinartz and Kumar 2003; Rust, Zeithaml, and 
Kumar 2004), we obtain drivers of (variables that influence) 
product category choice and purchase timing. The descrip- 
tion, the operationalization of the variables, and the 
expected effects appear in Table 1. We include variables that 
are specific to a particular product category in the category 
choice model and variables that are common across all cate- 
gories (e.g., relationship benefits) in the purchase-timing 


model. Our expectation is that customers' needs for certain 
product types and their familiarity with the focal categories 
are the key drivers of product category choice. In contrast to 
the choice of product categories, timing of purchases is a 
function not only of the customer's buying behavior and 
patterns but also of managerial interventions. This specifi- 
cation reflects the finding that in the context of capital 
goods, it is easier to influence when a customer purchases 
than whether a customer purchases (Anderson and Narus 
1999). 

We can classify the variables used in the models as 
cumulative or current effects. We calculate the current- 
effects variables in terms of the activities of the customer or 
the supplier (in case of channel communications) between 
the previous observed purchase (t — 1) and the current 
observed purchase (t). We calculate the cumulative-effects 
variables in terms of the activities of the customer or the 
supplier from the first purchase occasion until the current 
observed purchase (t). 

Table 2, Panel A, provides the descriptive statistics for 
the drivers of category choice, and Table 2, Panel B, pro- 
vides the distribution of category purchases. Table 2, Panel 
A, shows that the customers tend to split their purchases 
across product categories evenly. On average, 3296 of their 
purchases are within a single category (the mean proportion 
of same-category purchases is equal to .32). This implies 
that customers in our data exhibit a fair level of cross- 
category purchases, which provides face validity for the use 
of a product category choice model. The distribution of 
product category purchases (Table 2, Panel B) indicates that 
only the purchase of АЗ is the most prevalent in the sample 
(48%) and that Al and АЗ are purchased together more 
often (2096) than any other product category combination. 
Finally, the least prevalent product category combinations 
are Al and A2 (296) and A2 and A3 (2%). On average, there 
are approximately ten product types within each product 
category, and Table 2, Panel A, shows that the mean level of 
cross-buying within a product category is approximately 
equal to 2. 

Table 3 provides the descriptive statistics for the drivers 
of purchase timing. The average interpurchase time for the 
customers in our sample is 4.2 months. Customers in the 
analysis sample make an average of at least one upgrade 
and have bought across two product types within each prod- 
uct category (A1, A2, or АЗ). The customers make frequent 
contacts with the organization through the Web sites (on 
average, once every two months). The number of customer- 
initiated contacts through online channels is less frequent 
than the number of standardized contacts made by the orga- 
nization (on average, 1.6 contacts every month) but more 
frequent than the number of contacts made by the organiza- 
tion through rich modes (on average, once every quarter). 
The customers also make transactions across two channels 
and seem to prefer using direct modes of transaction. 
Finally, we evaluate the correlation matrix of the indepen- 
dent variables for both the product category choice and 
purchase-timing models and found that multicollinearity is 
not an issue in our analyses. 

To address potential endogeneity in the model covari- 
ates that could be caused by time-varying missing variables, 
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TABLE 1 


Variables and Operationalization 


——————————————————————— ——————————MMQ 


Driver 


Category Variable 


Proportion of 
same- 


category 
purchases 


Category 
familiarity 


Size of 
same- 


category 
purchases 


Cross-buying 
within a 
category 


Customer 
needs 


Recency of 
same- 
category 
purchase 


Past buying 
behavior 


Upgrading 


Cross-buying 


Returns 


Relationship 
benefit 


Operationallzatlon Type 
Category Choice Model 


The ratio of number of past 
purchases in the focal product 
category to the total number of 

purchases. For example, P1 
purchases are purchases in the 

focal product category for 
predicting P1 category choice 
(indicator of category dominance) 


Cumulative 


Total number of items bought Cumulative 
In the focal product category 
(indicator of size of wallet 


In focal category) 


Total number of unique product Cumulative 
types bought In the focal product 
category (Indicator of within- 
category knowledge) 


The time interval between the 
most recent focal category 
purchase and the current 

purchase occasion (indicator of 


buying needs) 


Current 


Purchase-Timing Model 


Number of upgrades until the 
current purchase (Indicator of 
need to buy) 


Cumulative 


Number of different product Cumulative 
types that a customer'has 
purchased (Indicator of affinity 


to the firm) 


Total number of products Cumulative 
retumed by the customer 


(Indicator of satisfaction) 


Indicator variables of whether a 
customer 15 a premium service 
member (indicator of commitment 
to the firm) 


Current 
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Expected 


Effect 


+ 


Ш 


Rationale 


The more a customer purchases 
In a particular product category, 
the higher is the propensity of the 
customer to purchase In the 
same category in the future. 


Customers who spend more in a 
product category have a higher 
size of wallet and also recurrent 
needs. This leads to higher 
expected propensity to purchase 
again in the category. 


If a customer purchases several 
different products within a 
category, it Increases switching 
costs in the category, leading to 
higher propensity to shop in the 
category in the future. 


Contrary to consumer packaged 
goods, for high-tech products, the 
customers typically use the 
product before repurchasing it. 
Therefore, the longer the time 
since last purchase in a product 
category, the more likely the 
customer is to purchase In that 
category. 


Customers who upgrade have 
higher switching costs with each 
upgrade, leading to lower 
propensity to churn (Bolton, 
Lemon, and Verhoef 2004). 


Customers who purchase across 
several product categories have 
higher switching costs and 
recurrent needs (Reinartz and 
Kumar 2003). 


Returns provide an opportunity 
for firms to satisty customers 
(Reinartz and Kumar 2003). Too 
many returns can be detnmental 
to the relationship and can 
indicate that the firm has not 
used the return opportunities 
appropriately. 


Acknowledgment of customers 
with relationship benefits reduces 
the propensity of customers to 
quit (Morgan and Hunt 1994). 


TABLE 1 
Continued 


риоя 


Varlable 


Number of 
distinct 
channels of 
transaction 


Number of 
direct 
transactions 


Lagged 
Interpurchase 
time 


Marketing Bidirectional 
Interventions communication 


Frequency of 
Web-based 
contacts 


Frequency of 
rich modes of 
communication 


Frequency of 
standardized 
modes of 
communication 


Intercontact 
time 


Operationalization 


Type 


Expected 
Effect 


Cumulative number of distinct ^ Cumulative - 


channels used for a transaction. 
The available channels include 
salesperson, telesales, Web site, 
catalog, distributor, reseller, and 
retail (Indicator of client 
sophistication and relationship 


quality) 


Cumulative number of 
transactions through the direct 
channel. The available channels 
include salesperson, telesales, 
Web site, and catalog (indicator 
of client size) 


The duration between the 
previous two purchase occasions 
(indicator of past purchase 
frequency) 


The ratio of total number of 
customer-Initiated contacts to the 
total contacts between the 
supplier and the customer 
(Indicator of relationship strength 
and customer Involvement) 


Number of times the customer 
contacts the supplier through the 
Internet per month (Indicator of 
marketing intensity) 


Number of contacts made to the 
customer by the supplier firm per 
month through sales personnel 
(indicator of marketing intensity) 


Number of contacts made by the 
supplier firm to the customer in a 
month through telephone or direct 
mail (indicator of marketing 
intensity) 


Average time between two 
contacts made to the customer 
by the supplier across all 
channels of communication 
(Indicator of marketing intensity) 


Cumulative 


Current 


Current 


Current 


Current 


Current 


Current 


Rationale 


Customers who shop in multiple 
channels are expected to transact 
frequently with the firm and also 
have deeper relationships with 
the firm (Venkatesan, Kumar, and 
Ravishanker 2007). 


Customers who use the direct 
transaction channels value 
efficlency and trust the firm 

(Morgan and Hunt 1994). 


Control variable used to account 
for missing variables and past 
customer characteristics 
(Venkatesan and Kumar 2004). 


Two-way communication between 
parties strengthens the 
relationship and leads to frequent 
transactions (Morgan and Hunt 
1994). 


Customers who use online 
communication want transactlon 
efficiencies, and customers who 

want to create efficiencies are 
highly relational and transact 
frequently (Venkatesan and 
Kumar 2004). 


Timely communication between 

parties reduces the propensity of 

a customer to quit a relationship 

(Morgan and Hunt 1994), but too 
much communication can be 
detrimental to the relationship 
(Fournier, Dobscha, and Mick 

1997). 


„=, с-з = юе оз _—-—————— 


Notes. U = U-shaped relationship. 
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TABLE2 
Descriptive Statlstics‘for Category Choice 





A: Drivers of Category.Cholce 





Varlable ^ M SD 
Proportion of same-category;purchases 32 .26 
Size of same-category purchases 2.65 2.45 
Cross-buylng within a category 2.41 2.20 





B: Distribution of Category Purchases 

















A2 
A3 z No Buy N Y 
A1 N 096 496 
Y 2196 296 
A2 
АЗ = Buy М Y 
A1 N 48% 2% 
Ү 20% 3% 
TABLE 3 
Descriptive Statistics for Drivers of Purchase 
Timing 
Variable M SD 
Interpurchase time 4.23 5.32 
Upgrading 1.15 .60 
Cross-buying 2.42 1.19 
Bidirectional communication ‚65 2.09 
Returns .96 2.58 
Web-based contacts .50 3.17 
Relationship benefit 2 .86 
Rich modes@ 3 .16 
Standard тодева 1.56 7.87 
Intercontact time ‚25 3.3 
Distinct channels of transaction 2.12 .85 
Transactions using direct channels 1.94 1.80 


т 
aWeb-based contacts, rich modes, and standard modes represent | 


the frequency of contacts in each channel respectively. 


we use lagged variables in our analysis (Venkatesan and 
Kumar 2004; Villas-Boas and Winer 1999).5 Specifically, 
for observed purchase j, the cumulative-effects variables 
represent activity of the customer since birth until observed 
purchase t — 1. Similarly, for observed purchase t, the 
current-effects variables represent activity of the customer 
(or supplier) between observed purchases t — 2 and t — 1. 





5] аррей covariate values have been identified as suitable instru- 
ments to control for any time-varying factor that is not included 1n 
the model (i.e., missing variable) but is correlated with both the 
independent variables and the dependent variable. The lagged 
covariate values are expected to be correlated with the current 
covariate value but uncorrelated with the missing variable (Villas- 
Boas and Winer 1999). 
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Model Estimation Results 


We have a sample of 6350 observations that belonged to the 
566 customers in the test group and control group. We esti- 
mate the choice and.purchase-timing models simultane- 
ously (from the likelihood function in Equation 5) in a 
Bayesian framework using Markov chain Monte Carlo 
algorithms. The Appendix provides the in-sample fit capa- 
bility and the predictive capability of the proposed joint 
model of. category. choice and purchase timing along with 
other benchmark models. The in-sample fit (Table A1) and 
predictive accuracy (Table A2) results provide support for 
the full model specification outlined in Equation 5. The 
coefficient estimates of the drivers of category choice and 
timing appear in Table 4. The estimation results confirmed a 
majority of the expected effects (Table 1). Because the esti- 
mated effects of the drivers of category choice and purchase 
timing are similar to the previous literature, we do not dis- 
cuss them here. Subsequently, we discuss the findings from 
the category choice model that are unique to this research. 

The estimation results indicate that recency of product 
purchase is significant and positive for the A1 and A2 prod- 
uct categories. However, we do not find a significant influ- 
ence for recency of purchase in the A3 category. We specu- 
late that this may be because the customers in our sample 
purchase A3 regularly. The average interpurchase time for 
A3 purchases in our sample is approximately 1.5 months. 
Therefore, it is reasonable to expect a high probability for 
the purchase of A3 at every purchase occasion. The signifi- 
cant influence of recency for Al and A2 emphasizes the 
need to model the dependence between purchase timing and 
category choice. The significance of the recency measure 
also translates into better predictive accuracy for the joint 
model than for the independent model. 


Field Experiment Results ` 


Recall that in the field experiment, 283 customers were 
assigned to the test group, and another 283 customers were 
assigned to the control group on the basis of matched-pair 
comparisons. А customer-focused sales campaign was 
adopted to contact customers in the test group from the first 
quarter of 2006 to the end of the last quarter of 2006 (for 
one year). The customers in the control group were con- 
tacted using a product-focused sales campaign. Both groups 
obtained inputs from the proposed joint-timing and product 
category choice framework. Thus, we control for model 
accuracy in the experiment. Figure 2 highlights the differ- 
ence in inputs for the test and control groups. The product- 
focused strategy used in the control group is the null model 
for comparison of the results in the test group. The results 
from the field experiment appear in Table 5, Panels A and 
B. We evaluate the performance of the field experiment 
using both financial and relational metrics. We capture the 
value the customers provide to the firm with financial met- 
rics, including revenue, marketing investment, number of 
contacts per purchase, profits, and ROI for each customer. 
The relational metrics capture the value the firm provides 
and the relationship quality the customer perceives. The 





6Marketing contacts refer to sales calls in the field experiment. 


TABLE 4 
Results from Model Estimation 
Coefficient 
Variable Estimate 
| Product Category Choice: A1 

Intercept 51™ 
Proportion of A1 purchases .39** 
Size of A1 purchases :З1** 
Cross-buying within A1 ҮЗҮ" 
Recency of A1 purchase .12** 

Product Category Choice: A2 
Intercept .31** 
Proportlon of A2 purchases 17" 
Size of A2 purchases .22** 
Cross-buying within A2 .22** 
Recency of A2 purchase .09** 

Product Category Choice: A3 
Intercept .61** 
Proportion of АЗ purchases .57** 
Size of A3 purchases .23** 
Cross-buying within A3 .48** 
Recency of АЗ purchase .003 

Purchase Timing 

Intercept .22** 
Upgrading —.11* 
Cross-buying —.07** 
Bidirectional communication —.52** 
Returns —.25** 
Square of returns .07** 
Frequency of Web-based contacts —1.5** 
Relationship benefits —.06** 
Frequency of rich modes of contact —.82** 


Square of frequency of rich modes of contact 51" 

Frequency of standard modes of contact 

Square of frequency of standard modes of 
contact .09** 


Intercontact time —.37** 
Number of distinct channels of transaction —.16** 
Number of transactions In direct channels —.08** 


Log of lagged Interpurchase time .45** 


*Significant at a = .05. 

“Significant at a = .01. 

Notes: Aggregate log—conditional predictive ordinate (aggregate 
log-CPO) = —5,641. 


various relational metrics measure (1) whether the firm 
understands the customer's needs, (2) whether the firm pro- 
vides value to the customer, (3) whether the customer is 
likely to repurchase from the firm, and (4) whether the cus- 
tomer is likely to recommend the firm. These metrics were 
measured with a ten-point interval scale, anchored by 
“strongly agree" (10) and “strongly disagree" (1). Prior 
research has indicated that these financial and relational 
measures are critical indicators of the profitability and sus- 
tainability of the customer firm relationship (Kumar, 


Petersen, and Leone 2007; Rust, Zeithaml, and Lemon 
2004; Venkatesan and Kumar 2004). 


Overall benefits from a customer-focused sales cam- 
paign. Table 5, Panel A, provides a comparison of both the 
financial and the relational metrics within the test and con- 
trol groups during the experimental period (first quarter in 
2006 to last quarter in 2006) and during the corresponding 
preexperimental period (first quarter of 2005 through fourth 
quarter of 2005). The mean values for the test and control 
groups appear in Table 5, Panel A; they represent the 
increase or decrease in the experimental period from the 
preexperimental period. 

We first evaluated whether the test and control groups 
were different from each other in the five financial metrics 
during the preexperimental period using Hotelling's T- 
square test. The test revealed that customers in the test and 
control groups did not significantly differ in any of the five 
financial metrics in the year before the experiment was con- 
ducted. This indicates that there were no sources of bias 
between the test and the control groups before the experi- 
ment. Hotelling's T-square test indicated that the means of 
at least one of the metrics were significantly different 
between the experimental and the preexperimental periods 
for both the test and the control groups. We then tested the 
difference in means for each metric using a T-test with Bon- 
ferroni adjustment (Table 5, Panel A) for both the test and 
the control groups. 

We find that the revenues (a < .10, $898) and, thus, 
profits (о < .10, $890) increased between the preexperimen- 
tal and experimental periods for the control group. The 
improvement in revenues and profits for the control group is 
attributable to the better performance of the proposed model 
in identifying the customers who are expected to purchase 
in each product category. For the test group, we observe a 
significant improvement in the performance between the 
preexperimental and the experimental periods along all the 
metrics: revenues (о < .01, $1,828), marketing investment 
(a < .05, $1,906), profits (a < .01, $3,734), and ROI (a < 
.01, 2). The better performance observed in the test group is 
attributable to both the better performance of the model and 
the customer-focused alignment of the sales force. The dif- 
ference between the financial metrics for the test and con- 
tro] groups in the experimental period provides a measure 
of improvement in performance attributable to a customer- 
focused alignment of the sales force in the test group (Table 
5, Panel B). 

Similar to the within-group analysis, we used 
Hotelling's T-square test and a t-test with Bonferroni adjust- 
ment to evaluate the significance of the differences between 
the test and the control groups. We used the average values 
in the control groups as the base levels in these tests. After 
we accounted for better model performance in the experi- 
mental period (for both the test and the control groups), our 
field experiment results indicate that a customer-focused 
sales campaign leads to a. significant (at © < .01) improve- 
ment in revenues ($1,376), (1.е., an improvement in effec- 
tiveness), reduction in marketing investment (—$2,247) and 
level of contacts required to induce a purchase (12 — 7 = 5) 
(i.e., an improvement in efficiency), and improvement in 
profits ($3,630) and ROI (1.9). 
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TABLE 5 


Fleld Experiment Results 
Баара ым ei ce e 
A: Comparison Within Test and Control Groups (High-Tech)@ 


Test Group: Customer-Focused 


Control Group: Product-Focused 


Sales Campaign Sales Campalgn 

Financial Metrics 

Revenue ($) : 1,828*** (15,710)? 898* (15,263) 

Marketing investment ($) —1,906** (6,191) 10 (6,570) : 

Number of contacts before purchase —4** (11) 1 (11) 

Profits ($) 3,734*** (9,519) 890* (8,694) 

ROI 2*** (1.5) .13 (1.3) 
Relatlonal Metricsc 

Firm understands my needs 3.32*** (5.17) —10 (5.12) 

Firm provides good value 2.32** (5.77) .10 (5.32) 

Likely to repurchase from the firm 3.64"* (5.25) .63 (5.30) 

Likely to recommend the firm 3.10*** (5.09) ‚27 (5.61) 


eee 
B: Difference Between Test and Control! Groups for Each Purchase Роза у (High-Tech) 


Financial Metricsd 


Purchase Рова Ину Revenue (5) Cost (5) Profits ($) ROI 
Product 1 1,186 —1,872 3,810 2.1 
Product 2 1,332 —2,023 3,636 2.2 
Product 3 1,280 —2,475 3,522 1.9 
Products 1 and 2 1,167 –2,137 3,885 1.8 
Ргодисћ 1 апа 3 1,500 –2,405 3,530 1.5 
Products 2 and 3 1,540 -2,505 3,501 1.9 
Products 1, 2, and 3 1,629 --2,310 3,525 1.9 
Ауегаде 1,376 —2,247 3,630 1.9 
Relational Metrics 
Firm Understands Firm Provides Good Likely to Repurchase Likely to Recommend 
Needs Value from the Firm the Firm 
Product 1 3.48 2.05 2.49 3.17 
Product 2 3.15 2.01 2.82 2.36 
Product 3 2.89 2.02 3.24 2.46 
Products 1 and 2 3.64 2.03 3.90 3.51 
Products 1 and 3 4.43 2.15 3.08 2.45 
Products 2 and 3 3.15 2.32 2.48 2.82 
Products 1, 2, and з 3.16 3.02 3.10 3.06 
Average 3.41 2.23 3.01 2.83 


"Significant at с = .10. 
**Significant at с = .05 
“Significant at а, = .01 


3The reported values have been scaled by an arbitrary constant for confidentiality reasons. The reported values are increases or decreases п 
the year of the experiment compared with the previous year per customer and are cell means. 

bValues in parentheses represent the levels in the preexperimental period 
°The relational metrics are measured on а ten-point Interval scale, where 10 represents "completely agree" and 1 represents "completely 


disagree.” 
dThe reported values are unit 


values per customer dunng the expenment year and are cell medians and have been scaled by an arbitrary con- 


stant for confidentiality reasons All the reported values are significant at а = .01 unless otherwise specified. 


We assess the impact of contacting customers only 
when they are expected to purchase (ie., using the pre- 
dicted purchase-timing information) on the ROI of the sales 
campaign from the difference between the test and the con- 
trol groups when there are purchases from only one product 
category (purchase possibility of Product 1, 2лог 3 in Table 
5, Panel B). Under these scenarios, the additional revenue 
per customer in the test group is approximately $1,264, and 
the marketing investment per customer is lower by approxi- 


62 / Journal of Marketing, September 2008 


mately $2,123 in the test group than in the control group. 
Compared with the overall average across purchase scenar- 
ios, our results indicate that predicting purchase timing has 
a greater impact on reducing marketing investment than 
increasing revenue. Improvement in all the four relational 
metrics is lower when there are purchases from only one 
product category compared with the average across all pur- 
chase possibilities. This is possible because customers who 
purchased more than one product category have had a 


chance to experience the better value the firm provides 
through customizing the product offering to their require- 
ments and also the better timing of its messages. Customers 
who purchased from only one product category experienced 
only partial value from a customer-focused sales campaign 
(1.е., the better timing of their messages). 

We acknowledge that in the scenarios in which cus- 
tomers purchased more of the one product, the better per- 
formance of the test group is due to the coordination of 
sales across product silos and the better timing of the sales 
calls. However, the coordination of sales calls across prod- 
ucts and the better timing of sales calls result from an over- 
arching customer focus. Thus far, the results from the field 
experiment indicate that customer-focused sales campaigns 
are more effective and efficient than product-focused sales 
campaigns, in support of H;, and Hyp. 

We adopt the same procedure used for the financial met- 
rics to assess the impact of a customer-focused sales cam- 
paign on the relational metrics. Hotelling's T-square test 
revealed that the test and control groups were not signifi- 
cantly different from each other in the preexperimental 
period. However, the test and control groups were signifi- 
cantly different from each other in the experimental period. 
A t-test with Bonferroni adjusted revealed that in the 
experimental period, customers in the test group perceived 
an improvement in all the relational metrics from the pre- 
experimental period. Specifically, the customers in the test 
group believed that the firm better understood their needs 

7(3.32, о < .001) and provided better value (2.32, œ < .01) in 
the experimental period than in the preexperimental period. 
Furthermore, the customers 1n the test group indicated that 
they were more likely to repurchase from the firm (3.64, 
© < .01) and more likely to recommend the firm (3.10, a < 
.01) in the experimental period than 1n the preexperimental 
period. 

Аз a result of the nature of our experimental design, any 
improvement in the relational metrics from the preexperi- 
mental period for the test group is attributable to both better 
model performance and a customer-focused alignment of 
the sales force. Similar to the financial metrics, we compare 
the difference in the relational metrics between the test and 
the control groups in the experimental period (see Table 5, 
Panel B) to obtain a measure of the improvement in rela- 
tionship quality that is attributable solely to the customer- 
focused alignment of the sales force. The results in Table 5, 
Panel B, indicate that a substantial portion of the improve- 
ment in all the four relational metrics for the test group 1s 
attributable to а customer-focused alignment of the sales 
force, in support of Hie- 

Source of ROI improvement effectiveness and efficiency 
gains. The main effects not only demonstrate the general 
superiority of the proposed customer-focused model but 
also show that, on average, there are both sales gains and 
cost-reduction gains. To test H5, and Нур, we conducted a 
split-sample analysis. We median-split the entire sample on 
the basis of the number of past customer contacts (from 
2000 until the end of 2005). The dependent variable is the 
dollar change in the respective variables, not the absolute 
values. The results of this subgroup analysis appear in Fig- 
ure 4, Panels A-C. 





FIGURE 4 
Changes In the Experimental Versus 
Preexperimental Period 
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With respect to revenues (Figure 4, Panel A), there is a 
significant, positive change for the low-contact group but 
not for the high-contact group. Thus, the model improves 
the effectiveness of targeting—in particular, for customers 
with upside potential. Recall that the absolute revenues for 
the high-contact group are much higher than those for the 
low-contact group. Still, the absolute change in revenues is 
much higher for the low-contact group. 

With respect to marketing investment (Figure 4, Panel 
B), the savings for the high-contact group are substantial, 
whereas there is virtually the same expenditure for the low- 
contact group. Thus, the model improves efficiency of tar- 
geting—in particular, for the customers with little upside 
potential (i.e., the current high-contact customers). Thus, an 
approximately similar absolute value of revenues is gener- 
ated at a much lower level of investment (for the high- 
contact group, on average, —$3,695 per customer; Figure 4, 
Panel B). For the low-contact group, significantly higher 
revenue (on average, +$2,483 per customer; Figure 4, Panel 
À) is generated at investments that are similar to the previ- 
ous levels. 

With respect to profits (Figure 4, Panel C), the ensuing 
outcome is that the test group results in positive profit 
changes for both high- and low-contact customers. How- 
ever, we find that beneath this positive aggregate-level out- 
come, the subgroup analysis provides further relevant diag- 
nostic insight into the high-contact and low-contact groups. 
As we already stated, a potential conclusion from this 
analysis could be that the high-contact group is exploited in 
terms of revenues. Thus, the greatest benefit for the organi- 
zation lies in optimizing its spending and investments to 
enable this level of revenue extraction. In contrast, through 
the optimization of type and timing of contacts, the low- 
contact group provides the firm further revenue growth with 
a similar level of contact resource spending. Thus, this type 
of analysis provides direct process insight, which can be 
used at the managerial decision-making level. For example, 
ceteris paribus, it gives greater confidence to sales man- 
agers to decrease their marketing investment, which they 
intuitively have a difficult time accomplishing. 

Marginal revenue and marginal cost can be measured as 
annual change in revenues and cost, respectively. Based on 
this definition, our analysis of effectiveness and efficiency 
improvements from customer-focused sales campaigns also 
provides insight into the alignment of marginal revenues 
and marginal cost in the sales campaign. From Figure 4, 
Panels A and B, we observe that in the test group, cus- 
tomers with low historic marketing investments have higher 
marginal cost than customers with high historic marketing 
investments. Similar to the distribution of marginal costs, 
customers with low historic marketing investments also 
have higher marginal revenues than customers with high 
historic marketing investments. However, for the product- 
focused sales campaigns, customers with low historic mar- 
keting investments have lower marginal cost than customers 
with high historic marketing investments. However, the 
marginal revenues are higher for customers with low his- 
toric marketing investments than for customers with high 
historic marketing investments. Therefore, we observe that 
the customer-focused sales campaigns lead to a better align- 
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ment of marginal revenues and marginal cost than product- 
focused sales campaigns. 


Field Experiment 2: Generalizing 
the Findings 


We conducted the second field experiment in the telecom- 
munications industry. Here, the firm markets its services to 
both B2B and business-to-consumer (B2C) segments. We 
conducted the experiment for the B2B segment in the fol- 
lowing manner: We selected B2B customers that belonged 
to the midmarket category for the study. These midmarket 
customers have annual revenues of more than $50 million 
and have between 100 and 999 employees. The telecommu- 
nications firm markets the following services: (S1) local 
telephone service, domestic long distance, and international 
long distance; (S2) wireless; (S3) Internet; and (S4) satellite 
communication services. The B2B customers were in the 
market at some intervals for each of these services. The firm 
has a sales force that contacts these customers to sell the 
services. We used the product/service purchase and attitu- 
dinal data for a period of three years—January 2002 to 
December 2004— to estimate the choice and timing models. 
Then, we validated the model accuracy by comparing it 
with the actual data from 2005. We used a sample of 480 
customers for this study. Compared with the other models 
we discussed previously, our proposed model produced 
the lowest aggregate log-conditional predictive ordinate 
(aggregate log-CPO) of —4965. Furthermore, the predictive 
accuracy for each purchase of services was as follows: S1 
(7796), 52 (80%), S3 (72%), and S4 (74%).7 The variables 
that predicted the choice and the timing were similar to 
those of the high-tech product category. 

For this field study, we split the sample into test and 
control groups on the basis of matched-pair comparisons. 
We contacted the test-group customers (n — 240) using a 
customer-focused sales campaign, and we contacted the 
control-group customers (n = 240) using a product-focused 
sales campaign. These 480 customers were served by 436 
salespeople. For a particular service category, more than 
one customer was assigned to a salesperson. Customers 
could also have many salespeople assigned to them, such 
that each salesperson was responsible for a service category. 
We conducted this field experiment in 2006. The results 
appear in Table 6. 

In the preexperimental period, the customers in the test 
and control groups did not show any significant differences 
in terms of the metrics used in this study. Similar to the 
previous findings, the revenue and profits increased by 
approximately $670 between the preexperimental and the 
experimental periods for the control group. However, the 
revenue increased more than 2.5 times ($1,702), and profits 
increased more than 4 times ($2,681) for the test group. 
Consequently, the ROI for the test group doubled from the 
preexperimental period, but there was no significant 
improvement in the ROI for the control group. Similar to 
the previous findings, both the financial and the relational 


7The results of the model estimation for this service category 
are available on request. 


TABLE 6 
Comparison Within Test and Control Groups (Telecommunicatlons)e 


Test Group: Customer-Focused 


Control Group: Product-Focused 


Sales Campaign Sales Campaign 
Financlal Metrics 
Revenue ($) 1,702*** (13,181)b 671* (13,252) 
Marketing investment ($) —2,190** (5,288) 30 (5,206) 
Number of contacts before purchase —6** (17) 2 (18) 
Profits ($) 2,681*** (7,401) 654* (7,284) 
ROI 1.9*** (1.4) 11 (1.4) 
Relational Metrlcsc 
Firm understands my needs 3.58*** (4.92) —.09 (4.96) 
Firm provides good value 2.74** (5.34) 12 (5.40) 
Likely to repurchase from the firm 3.52*** (5.42) .38 (5.36) 
Likely to recommend the firm 3.23*** (5.21) 42 (5.47) 


*Significant at с = .10. 
**Significant at а, = .05. 
**Slgnificant at а = .01. 


aThe reported values have been scaled by an arbitrary constant for confidentiality reasons. The reported values are increases or decreases In 
the year of the expenment compared with the previous year per customer and are cell means 

bValues In parentheses represent the levels in the preexperimenta! period. 

cThe relational metnce are measured on a ten-point interval scale, where 10 represents "completely agree" and 1 represents “completely 


disagree" 


metrics showed a significant gain. The relational metrics 
increased by an average of approximately 3.3 points (on a 
ten-point scale), or by more than 6396, compared with the 
preexperimental period. The differences between the test- 
and the control-group customers on likelihood to repur- 
chase (3.14) and likelihood to recommend (2.81) were 
higher in this experiment than in the high-tech product cate- 
gory. As testimony to this, the telecommunications firm has 
implemented a referral program to take advantage of this 
recommendation effect. 


Discussion and Implications 


Our study shows that the promise of a customer focus, at 
least in customer-facing activities, such as sales calls, can 
be realized by (1) understanding each customer's needs, (2) 
customizing the firm's offerings to customer needs, and (3) 
coordinating sales calls across product silos to deliver a 
consistent and single message to the customer. А joint- 
timing and category choice model can enable firms to 
obtain a better understanding of a customer's needs across 
the product portfolio. Our results add to the literature that 
provides empirical evidence that marketing decision sup- 
port models, especially choice models, can improve the ROI 
of marketing actions (e.g., Gensch 1984). 

However, a better understanding of customer needs 
alone does not guarantee financial returns or develop rela- 
tionship quality. The success of a customer-focused sales 
campaign depends on the firm translating the better under- 
standing of customer needs into coordinated sales calls that 
deliver a consistent and single message to the consumers. 

The two field experiments in the high-technology and 
the telecommunications industries show that impressive 
financial returns can be obtained from adopting a customer- 
focused sales campaign. For example, in the high- 
technology industry, the average investment per customer 
(including both the test- and the control-group customers) 


in the postexperimental period was $5,000. For this invest- 
ment, the test-group customers provided $13,253 in profits, 
whereas the control group provided only $9,584 in profits. 
The test-group customers who were exposed to a customer- 
focused sales campaign provided more than $1 million in 
total incremental profits compared with the control-group 
customers who were exposed to a product-focused sales 
campaign. When projected to the entire customer base of 
approximately 10,000 customers, adoption of the customer- 
focused sales campaign is expected to provide incremental 
profits of more than $36 million and total profits of more 
than $132 million. 

For a restricted set of scenarios (i.e., when customers 
purchase only one product category), our results imply that 
in addition to the firm, customers gain from a customer- 
focused sales campaign by avoiding the plethora of market- 
ing communication and sales calls. This is one of the poten- 
tial causes for a significant improvement in the relationship 
quality between customers and tbe firm when a customer- 
focused sales campaign is implemented. From the field 
experiments, we find that customers who were exposed to 
the customer-focused sales campaign believed that the firm 
understood their needs better and provided better value than 
the customers who were exposed to a product-focused sales 
campaign. Compared with customers exposed to a product- 
focused sales campaign, customers exposed to a customer- 
focused sales campaign were also more likely to repurchase 
from the firm and to recommend the firm. 

However, improvements in effectiveness and efficiency 
of sales calls are not distributed uniformly across cus- 
tomers. The customer-focused sales campaign resulted in a 
higher increase in revenues; in other words, it increased the 
effectiveness of sales calls among customers who were con- 
tacted infrequently under a product-focused sales campaign. 
However, the cost of marketing decreased without any 
decrease in revenues; that 1s, we observed an improvement 
in the efficiency of sales calls among customers who were 
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contacted frequently under а product-focused sales cam- 


paign. This implies that adopting a customer-focused sales 
campaign enables firms to uncover ineffective marketing 
resource allocations and thus helps firms reduce their 
required marketing input without sacrificing the top-line 
results. 

This research contributes to business practice by provid- 
ing academic case studies (through the model and the field 
experiments) in the area of customer relationship manage- 
ment implementation. The modeling framework and the 
sales coordination based on the model’s outputs used in this 
study can form a template for organizations that adopt a 
customer-focused sales campaign. The returns observed 
from the field experiment can support other top manage- 
ment initiatives that are intended to help develop a 
customer-centric organization, such as changing an organi- 
zation's structure and culture. Thus, we provide the follow- 
ing generalizations that firms can take from our study: 


*Among large B2B firms that offer products in multiple cate- 

gories, a customer-focused sales campaign can improve the 
relationship quality between firms and customers and can 
increase a firm's ROL 


*Improvement in the effectiveness and efficiency of sales calls 
from adopting a customer-focused sales campaign does not 
need to be distributed equally across customers. 


Limitations and Further Research 
Our proposed model framework is best applied to firms that 
sell multiple products and/or services and to firms that can 
allocate their sales force resources at the individual cus- 
tomer level. This is typically the case in most B2B settings 
but not necessarily in many B2C situations. The generaliza- 
bility of the findings from our study is restricted to 


medium-sized and large multinational firms in the B2B set- · 


tings. Because most sales campaigns are implemented in 
B2B environments, our experiments provide a fair assess- 
ment of our research objective. Further research should 
explore the potential for customer-focused sales campaigns 
in smaller companies and the potential for customer- 
focused direct marketing in B2C settings. Although in prin- 
ciple the model is still applicable to mass marketing, its 
degree of insight diminishes. The methodological and com- 
putational effort that is necessary is not small. Likewise, the 
analytical and modeling capabilities of the organization 
need to be firmly established or procured externally. 

In our model framework, we chose not to accommodate 
quantity purchased for two reasons. First, the way the focal 
firm makes the sales force allocation decision for the group 
of customers in the study is based on who is likely to buy 
and not on how much they are going to buy. This is because 
all the customers that participated in the experiment are 
large in terms of number of employees. The variation in 
revenue among these customers arises from the number of 
different product categories they buy from the firm and the 
frequency at which they buy. The customers do not vary 
much with regard to their order size per product category. 
This is evident from the empirical distribution of the quan- 
tity of purchases of these customers. Specifically, in the pre- 
experimental periods, for a given purchase occasion, the 
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average quantity of purchases across firms is 2.3 with a 
standard deviation of .2. However, we acknowledge that our 
model framework needs to be suitably modified to model 
purchase quantity in scenarios in which purchase quantity is 
an important determinant of customer profitability. 

It is reasonable to expect that customer responsiveness 
may vary across salespeople who are responsible for the 
different products. However, a restriction of the customer 
database this firm uses is that the number of sales calls 
directed toward each customer is recorded, but the descrip- 
tion of each sales call (e.g., the identity of the salesperson, 
the product category that is targeted in the sales call) is not 
identified. Therefore, we cannot disaggregate the number of 
sales calls for a customer at the product level. Although 
model performance would improve from including the level 
of sales calls for each product category, we believe that the 
substantive results from the field experiment would not 
change, because customers in both the test and the control 
groups were targeted on the basis of model predictions that 
did not include product-level sales-call information. 

The model framework we used in this study does not 
account for possible correlations between the level of mar- 
keting touches directed toward a customer and the cus- 
tomer’s response to them (Manchanda, Rossi, and Chinta- 
gunta 2004). However, we do not expect the substantive 
results of our field experiment to change, because cus- 
tomers in both the test group and the control group were tar- 
geted on the basis of models that did not allow for the cor- 
relation between the level of marketing touches and 
customer responsiveness. However, we expect that the 
model structure would change if we were to accommodate 
the correlation between the level of marketing touches and 
customer responsiveness. The manipulation of timing of 
sales calls in our field experiments is also a manipulation of 
team versus individual selling. Thus, we cannot assess the 
pure effects of team selling and of timing sales calls to coin- 
cide with customer needs on customer profits. Further 
research that evaluates the consequence of team selling 
would provide a worthwhile contribution to the literature. 


Appendix 
‘Model Comparison 


In-Sample Fit 

We use the aggregate log-CPO to evaluate the in-sample 
fit (Gelfand and Dey 1994) of Models 1—4.8 Similar to the 
log-likelihood, a higher value of the aggregate log-CPO is 
interpreted as a better model fit. Table A1 provides the 
descriptions of Model 1—4. Model 1 is similar to the “next- 
product-to-buy" model that Knott, Hayes, and Neslin 





8We obtained the log-likelihood contribution of product cate- 
gory choice, which is necessary for calculating the aggregate log- 
CPO, from the proportion of times the repeated random samples 
of the latent utility, U,,, from Equation 4 agreed with the con- 
straints imposed by the observed choice, y,,, from Equation 3. 
Such a method provided similar results to other simulation-based 
integration techniques used to calculate the log-likelihood contri- 
bution in multivariate probit models (Chib and Greenberg 1998). 


(2002) propose, Model 2 is similar to the model that Kumar, 
Venkatesan, and Reinartz (2006) propose, Medel 3 is simi- 
lar to several models in the scanner panel literature 
(Seetharaman et al. 2005), and Model 4 is the proposed 
model. Table A1 shows that Model 4 provides the best 
in-sample fit to the data (aggregate log-CPO = —5641), fol- 
lowed by Model 3 (aggregate log-CPO = —6105), Model 2 
(aggregate log-CPO = —6307), and Model 1 (aggregate log- 
СРО = —8792). The aggregate log-CPO measures indicate 
support for incorporating customer heterogeneity (the 
aggregate log-CPO for Model 1 is higher than the aggregate 
log-CPO for Model 3) and for a joint model of purchase 
timing and product category choice (the aggregate log-CPO 
for Model 3 is higher than the aggregate log-CPO for 
Model 4). 


Predictive Accuracy 


We use the posterior distribution of the parameters obtained 
from the calibration sample to simulate the predictive distri- 
bution of hazard rates for the customers in the holdout sam- 
ple. We obtained the first purchase time for a customer from 
the inverse cumulative distribution function derived on the 
basis of the hazard function in Equation 2. We use the pre- 
dicted purchase time in the utility function for product cate- 
gory choice (Equation 3) to obtain the predicted choice 
probabilities for each product category. We then augment 
the predicted purchase time and choice probability to the 
data and predict the customer's second purchase time and 
the corresponding product category choice. We repeat this 
process unti] a customer's predicted purchase time for the 


TABLE A1 
Model Comparison 


Aggregate 
Model Description Log-CPO 


Model 1: Independent model with homogeneous -8792 


parameters 

Model 2: Joint model with homogeneous —6307 
parameters 

Model 3: Independent model with —6105 
heterogeneous parameters 

Model 4: Jolnt model with heterogeneous —5641 


parameters (proposed model) 


next purchase is beyond one year in the holdout sample 
(1.е., the predicted purchase time exceeds December 31, 
2004). We use a one-year interval because the field experi- 
ment is also intended to be conducted over one year. For 
each customer, we then classify the predicted purchase- 
timing and category choice probabilities into 12 months. 

A. customer is predicted to purchase product category j 
їп a particular quarter—for example, Month 1—if the cus- 
tomer is predicted to purchase product category j at least 
once in that month. We then calculate a classification matrix 
of the predicted versus the observed product choices in each 
quarter for the various models. We calculate the predictive 
accuracy of the models in this way because it integrates the 
predictions of both purchase timing and category choice. 
Furthermore, this measure of predictive accuracy closely 
reflects how the model is intended to be used in the field 
experiment. 

In Table A2, we present tbe ratio of predicted pur- 
chasers to the observed number of purchasers in each quar- 
ter in the first quarter of the holdout period. Table A2 shows 
that the better in-sample fit also translates into better pre- 
dictive accuracy for Model 4. The percentage of correct pre- 
dictions of buyers for Model 4 ranges from 83% to 7696 for 
products A1—A3, and in the majority of the scenarios, it is 
more accurate than the other models. Model 2 provides 
more accurate predictions than Model 1 for all the product 
categories. This implies that the joint estimation of purchase 
timing and product choice improves model predictions for 
all the product categories. 


TABLE A2 





Comparison of Predictive Accuracy 
Quarter 1а 
Product Category A1 A2 АЗ 


Model 4: Jolnt model with heterogeneous 79% 76% 83% 
coefflclents (proposed model) 


Model 3: Independent model with 77% 67% 73% 
heterogeneous coefficients 

Model 2: Joint model with homogeneous 72% 66% 69% 
coefficients 

Model 1: Independent model with 56% 55% 62% 


homogeneous coefficients 
8Predictive accuracy of the models were similar in Quarters 2—4. 
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Jaime Noriega & Edward Blair 


Advertising to Bilinguals: Does the 
Language of Advertising Influence 
the Nature of Thoughts? 


When targeting bilingual consumers, advertisers have a choice to advertise in a bilingual's native language or in 
the country's dominant language. Within the Hispanic community in the United States, for example, Kellogg has a 
choice to advertise Frosted Flakes in English or in Spanish. But which is the better choice and why? This research 
considers whether the choice of language in advertising to bilinguals influences the types of thoughts they have in 
response to an advertisement. In other words, for a bilingual, can the exact same selling message cue different 
associations depending on the language in which it is presented? The underlying issue is whether advertisers 
can use language of execution as a strategic variable with which to generate certain types of associations that 
may facilitate persuasion. The authors consider this issue from a social cognition perspective. They hypothesize 
that a native-language advertisement is more likely to elicit self-referent thoughts about family, friends, home, or 
homeland, which in turn may lead to more positive attitude measures and behavioral intentions. Furthermore, the 


authors show that these effects are moderated by the consumption context presented in the advertisement. 


Keywords: information processing, bilingualism, advertising, psycholinguistics, consumer research 


cross-cultural communication is whether advertising 

directed at bilingual minorities is more effective if 
presented in the country's dominant language or in the 
bilinguals' native language. According to the U.S. Census 
Bureau (2005), the United States has more than 50 million 
people who speak a language other than English at home, 
and the trend toward acculturation rather than assimilation 
means that many minorities are choosing to preserve ele- 
ments of their ethnic identity, perhaps the most distinctive 
of which is language. 

Previous research on language choice and ad effective- 
ness has used three perspectives to explain why language 
choice can make a difference in advertising effectiveness 
for bilingual markets. First, the earliest research considered 
hypotheses related to identity and accommodation. This 
stream of research is conditional on in-group versus out- 
group identities and presumes that the target group is made 
up of minorities for whom an advertisement is more likely 
to be persuasive if it features a character similar to them or 
is written in their native language (Deshpandé, Hoyer, and 
Donthu 1986; Deshpandé and Stayman 1994; Koslow, 
Shamdasani, and Touchstone 1994; Whittler 1991). This 
effect should occur as long as group members believe that 
the act of translating or otherwise making the advertisement 
culturally accessible is a sign that the advertiser acknowl- 
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edges, values, and respects them. The moderators suggested 
by this mechanism are anything that would enhance or 
diminish these effects. For example, Deshpandé and col- 
leagues (Deshpandé, Hoyer, and Donthu 1986; Forehand 
and Deshpandé 2001) find that ethnic self-identity affects 
whether a native-language execution aids ad persuasiveness, 
such that a native-language execution is more persuasive for 
people whose ethnic self-identity is high rather than low. 

Second, and more recently, cross-cultural communica- 
tion research has suggested that language choice can be 
related to ad effectiveness through ease of processing. In 
this regard, Luna and Peracchio (1999, 2001) find that it is 
preferable to advertise to bilinguals in their first/native lan- 
guage not because of any social or cultural considerations 
but simply because second-language words are more diffi- 
cult to process for bilinguals. Because conceptual links are 
more difficult to come by for second-language words than 
for first-language words, less of a message will be recalled 
when it is presented in the person's second language. The 
moderators suggested by this stream of research are any ele- 
ments that affect the level of verbal processing required by 
an advertisement or the ease of doing this processing. Ап 
obvious choice is the audience member's language fluency, 
and Luna and Peracchio (2001; see also Luna, Peracchio, 
and DeJuan 2003) also find that high levels of picture-text 
congruity make the process easier and allow for better recall 
of a second-language message. 

Third, in their most recent research, Luna and Peracchio 
(2002, 2005) also consider language effects from the per- 
spective of affective response. Luna and Peracchio's argu- 
ment is that some words have more of an emotional attach- 
ment when presented in the native language than in the 
second language. This may occur as a result of sociolinguis- 
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tic differences. A bilingual's native culture may value cer- 
tain concepts (e.g., family, relationships, religion) more 
highly than other cultures, and the language in which the 
meaning of the concept is first learned then becomes the 
prototypical representation of that concept. A possible mod- 
erator suggested by this stream of research is the nature of 
the appeal of any given advertisement. The impact of affect- 
laden words might be more important when using an emo- 
tional appeal instead of a rational or functional appeal based 
on the product's attributes. Note that the effects of this 
stream of research are not directly conditional on in-group 
versus out-group identities. 

In this article, we consider a fourth perspective to 
explain how the choice of language might affect ad persua- 
siveness. Our approach is based on social cognition. We 
argue that each of a bilingual's two languages may cue dif- 
ferent associations for the same message, and thus each lan- 
guage execution has the potential to lead to different levels 
of persuasiveness. In particular, we argue that the two lan- 
guages are likely to be differentially associated with a bilin- 
gual's experiences among family and friends and thus are 
differentially likely to cue self-referent associations with 
these experiences, with possible implications for persua- 
sion. The moderators suggested by this line of research are 
any aspects of the stimuli that are somehow related to this 
cueing. We examine how the consumption context pre- 
sented in an advertisement may moderate the relationship 
between choice of language and the resultant thoughts and 
persuasion. 

АП these research streams indicate that it may be more 
effective to advertise to members of a minority group in 
their native language, depending on their level of accultura- 
tion. What differentiates these theories and makes each one 
singularly valuable is that each suggests its own set of mod- 
erators. Multiple moderators drawing from different per- 
spectives lead to a better understanding of the overall phe- 
nomenon and enable us to suggest several different practical 
applications. 

We organize the remainder of this article as follows: 
First, we examine different perspectives on language and 
memory and how language and context intersect. Second, 
we develop the hypotheses and describe the studies and 
results. Third, we discuss the theoretical and managerial 
implications of our findings. Finally, we provide the limita- 
tions of our research and their implication for further 
research. 


Conceptual Background and 
Hypotheses 


Perspectives on Language and Memory 


The literature on language and cognition maintains that lan- 
guage can serve as an attribute of an experience (Lambert, 
Ignatow, and Krauthamer 1968; McCormack 1976; Saegert, 
Hamayan, and Ahmar 1975; Winograd, Cohen, and Barresi 
1976). Experiences can be characterized by attributes that 
have a distinct language identity. The Janguage spoken dur- 
ing an encounter is one such attribute, as is the presence of 
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people who speak a particular language. The number of 
attributes within an experience that share a distinct lan- 
guage tag and the salience of those attributes may determine 
the extent to which the memory for that experience as a 
whole is linked to a given language. More broadly, any 
given attribute with a distinct language tag has the potential 
to serve as a pathway through which language cues the 
experience as a whole. 

Language can also serve as a medium of experience, 
which means that it is intrinsic to capturing the event; every 
aspect of that incident is infused with a language tag such 
that language becomes the gateway to that memory, and it 
can be reexperienced or shared fully only in the same lan- 
guage in which it was experienced. Under this view, lan- 
guage becomes a sort of superattribute. The idea that lan- 
guage can serve as a medium of experience began as a 
philosophical argument, which in its "strong" version sug- 
gests that language is so intrinsic to thought that it com- 
pletely guides comprehension and representation (Whorf 
1956). Although the strong version of this argument has 
been discarded, there is common agreement that language 
does influence thought (Larsen et al. 2002; Marian and 
Neisser 2000), and this might be particularly true for social 
experiences (Fivush 1998; Schrauf 2003). Language is a 
tool of communication, intimately tied to how people 
experience life as social creatures. As Fivush (1998, p. 486) 
suggests, "language is a critical tool of human cognition, 
one which allows us to move beyond individual cognition 
and engage in culturally mediated cognition." 

The idea that language might serve as an attribute or a 
medium of experience creates a theoretical connection 
between language and experience. At a minimum, language 
is one of the many attributes of an experience that people 
associate with it, and therefore language and experiences 
should have the capacity to cue each other. 


Context and Language 


There are many examples of context (the people, places, 
things, and symbols in a person's environment) cuing the 
language people use to communicate. For a monolingual, 
surroundings help determine the proper vocabulary and the 
formality with which it should be used. For example, a doc- 
tor might speak of a “hematoma” at the hospital but refer to 
the same condition as a bruise at home. A lawyer is not 
likely to use slang in the courtroom but may do so when 
visiting with friends over the weekend. 

Bilinguals also use context as a guide for the vocabulary 
they should use and the formality with which to use it, but 
in addition, the context within which bilinguals find them- 
selves can cue which language seems most appropriate. For 
example, a Chinese-English bilingual making a reservation 
at a Shanghai hotel might handle the transaction in Chinese, 
but when in Boston, he or she will handle the transaction in 
English. 

These examples are a clear indication that context can 
cue language; however, from an advertising perspective, we 
are most interested in knowing whether language can cue 
context—that is, whether different languages can cue differ- 
ent associations. 


This question has received some attention in the psy- 
cholinguistics literature. Research on language-dependent 
memory has shown that for bilinguals, the recall of autobio- 
graphical memories may depend on the language with 
which the memory is cued. In a study of Russian-English 
bilinguals, Marian and Neisser (2000) find that participants 
shared more experiences in Russian when interviewed in 
Russian and more experiences in English when interviewed 
in English, in support of the hypothesis that language of 
inquiry can cue the language of recall for autobiographical 
memories. Larsen and colleagues (2002) go a step further 
by proposing that bilinguals' semantic and conceptual 
stores can be both language and culture specific. They find 
that when Polish immigrants to Denmark were asked in 
Polish to recall a life experience, the reply was more likely 
to be given in Polish and to correspond to an event experi- 
enced in Poland before immigration, whereas if the request 
was made in Danish, the reply was more likely to be given 
in Danish and to correspond to an event experienced in 
Denmark after immigration. 

Although these studies provide some indication that dif- 
ferent languages can cue different associations, they have 
important limitations. The social conditions of their 
methodology (ie., an interviewer making an explicit 
request for autobiographical memories in a specific lan- 
guage) make the presence of demand effects a distinct pos- 
sibility. It could be that bilinguals assume out of reciprocity 
that questions should be answered in the language in which 
they are stated. If this is so, it could be argued that it was the 
respondent's presumption of language expectations that led 
to the reporting of linguistically matched memories. Like- 
wise, when immigrants were asked to recall a life experi- 
ence, the language of inquiry may have cued certain experi- 
ences in memory but may also have been taken as an 
indication of which experiences were of interest. Further- 
more, even if these studies suggest that language has the 
potential to cue context, they do not provide a clear indica- 
tion that it can do so spontaneously, because both studies 
explicitly requested that participants recall an episodic 
memory. 

Another stream of research that suggests that language 
can cue associations is related to cultural frame switching. 
This recent literature in psychology has considered how 
language and symbols can cue different personality and cul- 
tural characteristics in bicultural-bilingual people. For 
example, Hong and colleagues (2000) consider how differ- 
ent cultural icons primed collectivist versus individualist 
responses in Chinese-English bilinguals. Ross, Xun, and 
Wilson (2002) examine the possibility that language serves 
as a cue to distinct cultural mind-sets. In a study of 
English-Spanish bicultural-bilinguals, Ramfrez-Esparza 
and colleagues (2006) find that language is capable of cuing 
either U.S. or Mexican personality characteristics (as identi- 
fied in monolinguals from each country). 


Hypothesis Development 

If language can cue associations, the general literature on 
information processing suggests that the linguistic diagnos- 
ticity of any given association will determine whether lan- 


guage cues it. For example, if some experiences systemati- 
cally occur in one language context, it is more likely that 
this language context will cue those experiences. There may 
also be experiences that carry a unique or special cultural 
significance that can only be experienced, elaborated on, 
and shared in one specific language. 

The focus of the current research is U.S. minority bilin- 
guals. These people often live linguistically bifurcated lives 
(Linton 2004). Life at home and in their ethnic community 
is experienced in their native language, whereas life at 
school, work, and in the community at large is experienced 
in English. This pattern is so common that the U.S. Census 
Bureau (2005) recognizes it as а category—people who 
speak a language other than English at home—that applies 
to more than 50 million Americans. The resultant duality of 
experiences may lead to distinct thoughts when faced with 
advertisements written in either of the languages a bilingual 
comprehends. 

Given the foregoing discussion, our basic argument is 
that advertisements presented in bilinguals' native language 
are more likely to evoke associations that match that lan- 
guage—specifically, the bilingual's associations with fam- 
ily, friends, home, or homeland (hereinafter FFHH)—than 
advertisements presented in English. Furthermore, this 
effect is likely to be stronger if the consumption context 
represented in the advertisement is consistent with such use. 
We define native-language versus second-language contexts 
as follows: Native-language contexts are more likely to 
evoke settings in which native language is typically or tradi- 
tionally spoken and/or people are present with whom a 
bilingual either typically communicates in the native lan- 
guage or shares aspects of the native culture, whereas 
second-language contexts are less likely to evoke these set- 
tings. Thus, our first two hypotheses are as follows: 

Hı: Native-language advertisements elicit a higher propor- 
tion of FFHH-related thoughts than second-language 
advertisements. 

H». The phenomenon predicted in H; is moderated by context 
such that the effect is stronger for advertisements in 


native-language contexts than for those in second- 
language contexts. 


From an advertising point of view, it might be asked 
whether these types of thoughts will influence ad effective- 
ness in terms of better attitudes toward the ad and product 
and higher purchase intentions. We argue that they will, at 
least in some circumstances. The key issue is that FFHH- 
related thoughts are a form of self-referent thoughts. 

Self-referent processing consists of autobiographical 
thoughts (thoughts about life experiences) and thoughts 
about targets associate with the self. Other people, espe- 
cially those who are close to someone, form part of the self- 
concept because people define themselves in part by their 
interactions with others and by the groups to which they 
belong (Ogilvie and Ashmore 1991). Salient interpersonal 
relationships are incorporated into the self-concept (Aron et 
al. 1991). In this regard, Brewer and Gardner (1996) argue 
that people have different versions of self-concept: the per- 
sonal self, which is characterized by personal attributes and 
comparisons with others; the relational self, which consists 
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of traits related to status as spouses, parents, siblings, and 
so forth; and the collective self, which consists of group- 
related traits. Furthermore, Johnson and colleagues (2002) 
find that processing a message that refers to groups to 
which a person feels close has similar results to the more 
individualistic self-referent thoughts. 

The results of self-referent processing are well docu- 
mented. Prior research has shown that information related 
to the self has an advantage over other types of processing 
in terms of the strength and accessibility of the resultant 
memory (Rogers, Kuiper, and Kirker 1977). Self-referent 
processing results in increased elaboration of a message 
(Andersen, Glassman, and Gold 1998; Craik and Lockhart 
1972; Keenan, Golding, and Brown 1992), and more elabo- 
ration makes strong arguments more persuasive (Burnkrant 
and Unnava 1995). The self can also serve as an efficient 
organizing framework (Klein and Kihlstrom 1986), and 
organized or categorized elements are easier to recall. Self- 
referent processing also facilitates positive thoughts and 
memories, the affect for which can get transferred to the 
advertisement or brand (Stayman and Unnava 1997). Fur- 
thermore, Rogers (1981) notes that the self-referencing 
process may have an affective quality, regardless of its con- 
tent. Thus: 

Нз: A rise in the proportion of FFHH-related thoughts results 

in more positive attitudes toward the ad and the brand and 
higher purchase intentions. 


We report two studies to test these hypotheses. The idea 
that each of a bilingual’s languages can evoke different 
thoughts (Hj) is a fundamental thesis of our research; there- 
fore, as a first step, we test this point in Study 1. Study 2 
attempts to confirm the language effect (Hj) and tests our 
remaining hypotheses—the premise that context can mod- 
erate the effects of language on thoughts (H2) and whether 
these differences in thoughts translate into differences in ad 
effectiveness (Нз). 


Study 1 


The purpose of the first study was to test our central thesis; 
namely, engaging a bilingual's native language versus his or 
her second language may gain access to different thoughts/ 
associations. Specifically, in this study, we propose that 
bilingual people who are asked to translate an English- 
language advertisement into their native language will list 
more FFHH-related thoughts than those who are not asked 
to translate the advertisement. 


Method 


Participants and design. Eighty-two adults enrolled in 
advanced ESL (English as a second language) classes in 
Houston and Los Angeles participated in Study 1 for the 
chance to win a $25 gift certificate to a store of their choice. 
We enlisted ESL instructors to help identify and contact 
potential respondents who were sufficiently proficient in 
English (given the specific demands of our study). We 
chose this sampling frame because these people are bilin- 
guals for whom English is a-second language but who 
should have the ability to understand English well enough 
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to follow the study instructions. The sample consisted of 41 
women and 41 men, and the average age was 27 years. 

The study was a one-way between-subjects design in 
which the language condition had two levels: translate and 
do not translate. Respondents were randomly assigned to 
one of the two language conditions. Of the respondents, 39 
completed the “translate” condition, and 43 completed the 
“no-translate” condition. 

To engage their native language effectively, we asked 
participants in the translate condition to translate an 
English-language advertisement into their native language. 
Presenting this approach rather than a pretranslated adver- 
tisement served a dual purpose. First, asking respondents to 
provide their own translation enabled us to circumvent the 
necessity of ensuring semantic equivalency of the ad copy 
across any two languages because each respondent pro- 
vided his or her own translation according to his or her own 
understanding of the advertisement. Second, this approach 
enabled us to accommodate a wide range of languages, 
which in this study included Cambodian, Catalan, Czech, 
Dutch, Farsi, French, Indonesian, Italian, Japanese, Korean, 
Mongolian, Russian, Spanish, Turkish, and Vietnamese. 


Stimuli and procedure. The stimuli consisted of two 
advertisements: a practice advertisement and a focal adver- 
tisement. The study was available online, and all partici- 
pants logged on and participated at their leisure and at their 
own pace. 

Before viewing the first advertisement, respondents in 
the translate condition saw the following instructions: “We 
are interested in knowing how people translate ads into 
other languages. Please take some time to look at the next 
advertisement. Look at the ad as you would normally look 
at ads when you are reading a magazine. In the box to the 
right of the ad, please type how the ad would read in your 
native language. When you are finished, click the ‘next’ but- 
ton.” Participants in the no-translate condition saw the fol- 
lowing instructions: “We are interested in people’s reactions 
to advertisements. Please take some time to look at the next 
advertisement. Look at the ad as you would normally look 
at ads when you are reading a magazine. When you are fin- 
ished, click the ‘next’ button.” The first advertisement was a 
print advertisement for a tire-cleaning product and was 
included so that participants would be comfortable with the 
task of viewing advertisements and, in the translate condi- 
tion, translating copy. 

Exposure to the first advertisement was followed by a 
second set of instructions that were identical to the first 
except that all respondents were also instructed as follows: 
“This time, please keep track of all your thoughts as you are 
looking at the advertisement.” The second stimulus was a 
print advertisement for a fictitious restaurant named The 
Neighborhood Kitchen. We chose the restaurant category 
because it is neutral with regard to consumption context; 
people can eat at a restaurant with family or friends, by 
themselves, or with coworkers. The advertisement read, 
“Imagine ... Organically grown chicken, flame cooked in a 
sizzling cast iron skillet,’ with a picture to match. We chose 
this ad copy to encourage ideation, but the object of 
ideation was the product itself. The advertisement did not 


ask for self-referencing of any kind. For the actual stimuli 
used in this study, see Figure 1. 

Measures. Respondents were asked to write down every 
thought they remembered having as they looked at the sec- 
ond advertisement. Thoughts about friends or family mem- 
bers, in general or specifically, and thoughts about the home 
or the respondent's native country were coded as 1; all other 
thoughts were coded as 0. The thoughts were coded by two 
independent coders who were blind to the condition from 
which they were elicited, and conflicts were resolved 
through discussion. | 

Thoughts also were coded according to Sauer, Dickson, 
and Lord's (1992) more general scheme. This scheme codes 
each thought across four dimensions: (1) target of the 
thought (product, brand, advertisement, or other, including 
self), (2) type of thought (expression of intentions, expres- 
sion of feelings toward product or advertisement, expres- 
sion of usage consequences, expression of beliefs, or other 
types of thoughts), (3) personal (self-) relevance of thought 
(personalized to the self, personalized to others, or a deper- 
sonalized third person), and (4) polarity of thought (posi- 
tive, neutral, or negative). 


The purpose of coding thoughts according to Sauer, 
Dickson, and Lord's (1992) recommended method was to 
determine whether the expected change in specific thought 
patterns (with respect to FFHH-related thoughts) would 
extend to a more general level. For example, FFHH-related 
thoughts should mostly be positive and self-relevant, but 
even if so, these thoughts may simply displace other posi- 
tive and self-relevant thoughts that people could have in 
response to an advertisement, such that there is no net 
change in the general profile of thoughts as characterized by 
Sauer, Dickson, and Lord. If this occurs, the choice of 
native versus second language for an advertisement might 
influence the specific thoughts of bilinguals in response to 
the advertisement without differentially influencing their 
attitudes and purchase intentions. 


Hypothesis Test 


Table 1 shows the results for thought listings in the translate 
and no-translate language conditions. The results indicate 
that the mean number of thoughts the respondents listed did 
not differ significantly between language conditions (trans- 
late = 2.69, no-translate = 2.97; t = 1.16, not significant 
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TABLE 1 
Thought-Listing Results: Study 1 


Translate Condition (n = 39) 


No-Translate Condition (n = 43) 


Se EE tat Vonanon qm = 45) 


Total number of thoughts 
Mean number of thoughts per participant 


FFHH-related thoughts@ 


Target of Thoughts 
Product 
Brand 
Advertisement 
Other 


Type of Thoughts 
Intention 
Feeling 
Consequences 
Beliof 
Other 


Personal (Self-) Relevance of Thoughts@ 
Personalized self 
Personalized other 
Depersonalized 


Polarity of Thoughts 
Positive 
Neutral 
Negative 


Positive personalized thoughts (self or other) 
Positive thoughts about the product 

Positivo thoughts about the ad 

Positive thoughts about the brand 

Positive intentions 


aDifferences between conditions are significant at р < .05. 


[n.s.]). This suggests that the request to translate did not 
affect participants’ overall level of cognitive elaboration in 
response to the advertisement. However, whereas only 1.696 
of thoughts listed in the no-translate condition related to 
FFHH, 10.5% of thoughts listed in the translate condition 
did. This difference is significant (t = 2.80, p « .05). Thus, 
the findings support Hj. . 

By way of example, the following are some of the 
thoughts coded as FFHH-related thoughts: 


*"[ was reminded of the delicious food my mother makes"; 
*“. . about my aunt's fried steak fingers”; 

+“... chicken cooking in the skillet and about neighborhoods 1n 
Mexico"; 

*... Chicken looked tasty, like something my mom could make 
at home"; and 

*"I remember thinking how people back home really grow 


chickens.” 
Additional Results 


At the broader level of thought coding (Sauer, Dickson, and 
Lord 1992), language condition had a significant effect on 
the personal relevance of thoughts (y? = 14.4, d.f. = 2, p < 
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105 128 

2.69 2.97 
10.5% 1.6% 
19.1% 11.7% 
20.0% 22.6% 
53.2% 53.2% 
7.5% 12.6% 
8.6% 4.796 
30.496 24.296 
9% 2.4% 
28.6% 27.3% 
31.5% 41.3% 
76.1% 70.3% 
10.5% 1.6% 
13.396 28.196 
29.596 22.6% 
43.7% 57.0% 
26.6% 20.4% 
25.8% 19.6% 
10.5% 3.9% 
5.7% 9.4% 
11.4% 6.3% 
4.8% 2.3% 


:01), such that a higher proportion of thoughts in the trans- 
late condition were relevant to a personalized other than in 
the no-translate condition (10.5% versus 1.6%; t = 2.80, p « 
.01), and a lower proportion were depersonalized (13.396 
versus 28.196; t = 2.86, p « .01). However, there was no sig- 
nificant difference between the translate and no-translate 
conditions with respect to the overall polarity of thoughts; 
the proportion of positive, personalized thoughts; the pro- 
portion of positive thoughts about the product, advertise- 
ment, or brand; or the proportion of positive thoughts about 
intentions. These latter types of thoughts are likely to serve 
as indicators of ad effectiveness. The results appear in Table 1. 


Discussion 


We hypothesized that because the native language corre- 
sponds more closely to bilinguals’ lives among family and 
members of their ethnic community, engaging the native 
language would cue more FFHH-related thoughts. This 
hypothesis was confirmed. 

Previous studies in the psycholinguistics literature have 
shown that the choice of language may influence the con- 
text of thoughts remembered and the language in which 


they are communicated (Larsen et al. 2002; Marian and 
Neisser 2000). However, these studies specifically asked 
participants to recall events in their lives. In our study, we 
made no request for self-referent memories, all instructions 
were communicated in English, and there was no reason for 
respondents to infer that any particular associations were 
appropriate to report. Furthermore, as evidenced by the low 
incidence of FFHH-related thoughts in the no-translate con- 
dition, the advertisement itself did not naturally stimulate 
such thoughts. Therefore, it is meaningful that even under 
these conditions and without the potential demand charac- 
teristics found in prior research, respondents were more 
likely to report contextually language-congruent thoughts 
when their native language was engaged. 

In terms of Sauer, Dickson, and Lord's (1992) thought- 
coding scheme, the higher proportion of FFHH-related 
thoughts observed in the translate condition resulted in a 
higher proportion of thoughts about personalized others but 
did not translate into a higher proportion of positive person- 
alized thoughts; positive thoughts about the product, adver- 
tisement, or brand; and/or positive thoughts about intention. 
These latter results indicate that though engaging the native 
language may influence the specific thoughts of bilinguals 
in response to an advertisement, it will not necessarily make 
the advertisement more effective in producing positive atti- 
tude toward the ad, attitude toward the brand, or purchase 
intentions. 


Study 2 


Study 2 used a different language manipulation. Partici- 
pants were not asked to translate an advertisement; rather, 
the choice of language was built into the advertisement, par- 
alleling the decision that an advertiser would make. Study 2 
also extended our model to test outcome variables of par- 
ticular interest to the marketing community—namely, atti- 
tude toward the ad, attitude toward the brand, and purchase 
intentions. 


Method 


Participants and design. Participants were recruited 
from a list of Spanish surname subscribers to the online edi- 
tion of a major metropolitan newspaper in the southwestern 
United States. The newspaper that provided this list runs 
selected stories in Spanish and English both in print and 
online in an effort to appeal to its large and growing His- 
panic market, so choice of language for advertisements is 
an issue of practical significance. The request to participate 
offered a chance to win one of eight $50 gas. cards. 

Participants were screened for (1) whether they had read 
a book, magazine, newspaper, or Web site in Spanish during 
the previous month and (2) whether they had read a book, 
magazine, newspaper, or Web site in English during the pre- 
vious month. To ensure that the participants met a minimum 
level of proficiency in both languages, the request to partic- 
ipate was written in a mixture of Spanish and English and 
required comprehension of both languages. In addition, par- 
ticipants were asked to rate their reading proficiency in each 
language on a six-point scale: “poor/fair/okay/good/very 
good/excellent.” Of the respondents, 70% rated their ability 


to read and understand English as “good” or better, and 
73% rated their ability to read and understand Spanish as 
“good” or better. 

The design was a 2 (language: Spanish versus 
English) x 2 (consumption context: native language versus 
second language) between-subjects design. As in Study 1, 
the focal advertisement was for a fictitious restaurant. Lan- 
guage was operationalized by presenting the ad copy in 
either Spanish or English. We used the back-translation pro- 
cedure that Marín and Marín (1991) recommend to ensure 
semantic equivalence. We operationalized consumption 
context by having the ad copy refer either to lunch or to din- 
ner (for more details, see the discussion of stimuli in the 
following subsection). We conducted a pretest in which 53 
bilingual respondents indicated how often they have lunch 
and dinner with family members on a seven-point scale (1 = 
“never,” 4 = “about half the time,” and 7 = “always”). The 
mean rating for dinner was significantly higher than it was 
for lunch, both in general (dinner = 5.34, lunch = 3.32; t = 
5.70, p < .05) and for meals eaten in restaurants (dinner = 
4.87, lunch = 3.23; t = 4.37, p < .05). These ratings sug- 
gested that dinner would be a stronger cue for a family con- 
sumption context. 

Initial participants in the study were randomly assigned 
to one of the four experimental conditions: Spanish copy 
referring to dinner, Spanish copy referring to lunch, English 
copy referring to dinner, and English copy referring to 
lunch. After an initial period of data collection, power 
analysis showed that the study would be most efficient if 
further data were concentrated in the dinner conditions; 
accordingly, subsequent participants were randomly 
assigned to one of the two conditions: Spanish dinner or 
English dinner. We obtained usable data from 259 partici- 
pants, with the following distribution across conditions: 
Spanish dinner = 80, Spanish lunch = 49, English dinner = 
81, and English lunch = 49. The sample was 41% men and 
59% women, and the average age was 38 years. 


Stimuli and procedure. The stimuli consisted of two 
advertisements: a practice advertisement and a focal adver- 
tisement. The study was available online, and all respon- 
dents participated at their leisure and at their own pace. 

Before viewing the first advertisement, all participants 
saw the following instructions: “On the next page, you will 
see an ad. It may or may not be written in English. All we 
want you to do is take a moment to look at the ad and keep a 
mental account of every single thought you are having as 
you look at the ad.” The first advertisement was a print 
advertisement for an international bank and was included in 
the study so that participants would be comfortable with the 
task of viewing advertisements and keeping track of their 
thoughts. 

Exposure to the first advertisement was followed by the 
instructions: “On the next page you will see one more 
advertisement. Again, the ad may or may not be written in 
English. This time, we would like you to write down every 
thought you are having as you look at the ad. Please type 
your thoughts in the box to the right of the ad.” The second 
stimulus was a print advertisement for a fictitious restaurant 
named 321 (“It’s our name and our address"). The restau- 
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rant category was chosen because it is consistent with Study 
1 and allowed for manipulation of consumption context. 

We created copy for the second advertisement in the 
style of Sujan, Bettman, and Baumgartner (1993) and asked 
participants to "think back to the last time you enjoyed a 
special lunch (dinner)" To facilitate self-referencing, the 
advertisement provided little contextual information—sim- 
ply a picture of a place setting and the restaurant logo— 
because contextual details in the advertisement may clash 
with episodic memories (Krishnamurthy and Sujan 1999). 
The remainder of the copy invited the reader to make the 
next occasion “even more special at Restaurant 321!” This 
copy was intended to facilitate anticipatory self-referent 
thoughts, something that should facilitate the forging of a 
link between the brand and the self-referencing, ultimately 
improving brand judgments (Sujan, Bettman, and Baum- 
gartner 1993). For examples of the stimuli used in this 
study, see Figure 2. 

After providing the thought listing, participants pro- 
ceeded to a series of questions that measured their reactions 
to the focal advertisement in terms of attitude toward the ad, 
attitude toward the brand, and purchase intention (we 
describe these measures subsequently). Next, we performed 
manipulation checks, in which participants were asked 
whether the advertisement was in Spanish or English and 
whether it referred to lunch or dinner (they gave over- 
whelmingly correct responses to these items, indicating that 
the manipulations were processed). Participants then com- 
pleted a measure of involvement with the product class (i.e., 
restaurants). We included this measure as a potential covari- 
ate because involvement can affect the way people process 


advertisements and resultant ad effectiveness (Petty, 
Cacioppo, and Schumann 1983). Involvement had no 
effects on our variables of interest, and we do not include it 
in the subsequent presentation of results. 

A bilingual’s level of acculturation also may be ап 
important moderator of the relationship between language 
choice and ad effectiveness. To control for the possible 
effects of acculturation, we measured three variables related 
to it: (1) whether the participant was born in the United 
States (1.е., immigrant versus subsequent generation [58% 
indicated U.S. born]), (2) language use at home (Spanish = 
43%, and English = 5796), and (3) which language partici- 
pants considered their native language (Spanish = 6996, and 
English = 31%). We believed that these measures would 
capture the aspects of acculturation most relevant to our 
research. 


Measures. We measured thoughts related to FFHH as in 
Study 1. We asked participants to write down every thought 
they had as they looked at the second advertisement. Cod- 
ing of thought listings was conducted exactly as in Study 1, 
and we calculated the number of thoughts related to FFHH 
as a percentage of total thoughts for each participant. As in 
Study 1, thoughts were coded according to Sauer, Dickson, 
and Lord's (1992) more general scheme. 

We assessed attitude toward the ad with a six-item scale 
based on the work of Neese and Taylor (1994). Responses 
were on seven-point Likert-type scales (“strongly agree" to 
"strongly disagree"). Reliability of this scale as measured 
by coefficient alpha was .928. We assessed attitude toward 
the brand with a four-item scale (о; = .956) based on the 
work of Putrevu and Lord (1994). Responses were on 


FIGURE 2 
Study 2 Stimull 





А: Practice Advertisement 
(English Version) 


| forest: 





B: Focal Advertisement 
(Spanish Dinner) 


Recuerde la última vez que 
disfrutó de una cena 


iLa próxima vez, hágal 
aün más especial en el 
Restaurante 521! 


$217 


321 North Central 
Es nuestro nombre...y nuestra dirección! 





C: Focal Advertisement 
(English Lunch) 


Think back to the last 
time you enjoyed a 
special [unch... 


us ES 


№ х x E 


Next time make it even 
more special at 
Restaurant 321! 


$211 


321 North Ceatral 
It’s our name...and our address! 
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seven-point Likert-type scales. We assessed purchase inten- 
tion with a three-item scale (® = .951) also based on the 
work of Putrevu and Lord (1994). Responses were on 
seven-point Likert-type scales. We assessed involvement 
with the product class with a three-item scale (0; = .910) 
based on the work of Beatty and Talpade (1994). Responses 
were on seven-point Likert-type scales. 


Results for the Effects of Language and Context 
on Thoughts 


We tested the first half of our model, which explores the 
effects of language and context on the proportion of FFHH- 
related thoughts elicited under each condition, with a full- 
factorial analysis of variance (ANOVA), including our 
acculturation variables as covariates. The proportion of 
FFHH-related thoughts listed by respondents in each condi- 
tion were as follows: Spanish lunch (3.696), Spanish dinner 
(13.0%), English lunch (10.796), and English dinner (6.6%). 
To address an inherent problem of heteroskedasticity when 
using proportions, because the variance is dependent on the 
mean, we performed an arcsine root transformation on the 
proportion of FFHH-related thoughts the respondents listed 
before we analyzed the data (Howell 1992). 

The results of the ANOVA showed that only the inter- 
action between language and context was significant 
(F(1, 258) = 6.97, p « .01), and a contrast test confirmed 
that the Spanish-dinner condition yielded a significantly 
higher proportion of FFHH-related thoughts than the other 
conditions (t = 2.05, р < .05). These results support Н. 
Acculturation (place of birth, language use at home, and 
self-reported native language) did not have significant 
effects. 

We also performed separate ANOVAs for the dinner and 
the lunch conditions and found that language had an effect 
on the percentage of FFHH-related thoughts in the dinner 
condition (F(1, 160) = 4.78, p < .05) but not the lunch con- 
dition (F(1, 97) = 2.306, n.s.); this effect also would fall 
short of significance if the sample size in the lunch condi- 
tion matched the dinner condition. These results indicate 
partial support for Н. 


Results for Structural Models 


We further analyzed the data from Study 2 using structural 
equations modeling. This analysis pushes beyond the 
effects of language and context on FFHH thoughts and 
incorporates the attitude effects hypothesized in the second 
stage of our model. The latter half of our model includes an 
implicit test of the dual-mediation model (MacKenzie, 
Lutz, and Belch 1986). Given that the dual-mediation 
model is inherently a causal model, structural equations 
modeling is the most efficient and parsimonious method by 
which to test these relationships. 

We derived the baseline form of the structural model 
from our hypotheses. We included paths from (1) language, 
(2) consumption context, and (3) the interaction between 
language and consumption context to (4) the proportion of 
FFHH-related thoughts. These paths enabled us to test our 
theoretical model—namely, that native language should 
elicit a higher proportion of FFHH-related thoughts (Н)) 
and that this relationship should be stronger for a native- 


language consumption context (Н2). We also included paths 
from the proportion of FFHH-related thoughts to attitude 
toward the ad, attitude toward the brand, and purchase 
intention. These paths enabled us to test the right side of our 
model—namely, that FFHH-related thoughts should posi- 
tively influence attitudes and intention (H3). 

We also considered two issues of an alternative model 
structure that went beyond our hypotheses. First, we consid- 
ered whether to allow direct paths from language to atti- 
tudes and intention. As we noted previously, the language of 
advertisements directed at bilinguals may influence atti- 
tudes and intention for reasons other than eliciting FFHH- 
related thoughts. For example, using the bilinguals' native 
language might lead to more positive attitudes and intention 
because of perceptions of accommodation or beliefs that the 
advertiser translated the advertisement as a sign of respect 
and consideration for the prospective consumer. This 
implies that direct effects from language to attitudes and 
intention might be needed to specify the model correctly. 
Accordingly, we considered whether to add such effects to 
our baseline structural model. 

Second, we considered how to structure the effects of 
FFHH-related thoughts on attitude toward the ad, attitude 
toward the brand, and purchase intention. Our hypotheses 
simply indicate that FFHH-related thoughts will influence 
attitudes and intention, without specifying possible inter- 
relationships between these dependent variables. However, 
such relationships have been documented in previous 
research. The dual-mediation model (MacKenzie, Lutz, and 
Belch 1986) suggests a sequence of effects in which attitude 
toward the ad has a positive effect on attitude toward the 
brand, which in turn has a positive effect on purchase inten- 
tions. To allow for all possibilities, we used a baseline 
model structure that allowed for both direct and sequenced 
effects (1.е., a structure that allowed thoughts to have direct 
and separate effects on attitude toward the ad, attitude 
toward the brand, and purchase intention in addition to 
sequenced effects from attitude toward the ad to attitude 
toward the brand to purchase intention), and we tested alter- 
native model forms with (1) direct effects only and (2) 
sequenced effects only. 

We assessed overall model fit as a ratio of chi-square to 
degrees of freedom, which is less sensitive to sample size or 
model complexity than a chi-square analysis; comparative 
fit index (CFD; and the root mean square error of approxi- 
mation (RMSEA): ¥2/d.f. < 3 suggests a good fit (Gefen, 
Straub, and Boudreau 2000), CFI 2 .95 is an indication of 
good fit (Hu and Bentler 1999), and RMSEA = .08 is con- 
sidered a "reasonable" fit.for the model (Browne and Cud- 
eck 1993). 

Our analytical strategy was as follows: We tested and 
then confirmed our hypothesized model as the baseline 
model. We then assessed alternative model structures versus 
the baseline model by adding or subtracting paths as appro- 
priate. Because the baseline model and the alternative mod- 
els represented nested structures, we tested whether the 
change in overall chi-square was significant, as well as the 
significance of individual paths. С 

Results. Fit for the measurement model was good (x2 = 
240, d.f. = 102, p < .001; x2/d.f. = 2.35; CHI = .966; 
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RMSEA = .072). Factor loadings in the measurement model 


were all satisfactory and significant, indicating a good 
description of the underlying latent constructs. 

The hypothesized structural model exhibited satisfac- 
tory fit. These results and those for the alternative models 
appear in Table 2. To consider the possible direct effects of 
language on attitudes and intention, we added paths from 
language to attitude toward the ad, attitude toward the 
brand, and purchase intention. This change did not improve 
the model (Ay? = -.8, d.f. = 3, n.s.), and none of the paths 
achieved statistical significance. These results suggest that 
direct effects of language on attitudes and intention should 
not be added to our model. 

To consider alternative structures for the effects of 
thoughts and consumption context on attitude toward the 
ad, attitude toward the brand, and purchase intention, (1) we 
removed the sequential paths among these constructs, leav- 
ing only the direct effects, and (2) we removed the direct 
effects on attitude toward the brand and purchase intention, 
leaving only the sequence of effects from attitude toward 
the ad to attitude toward the brand to purchase intention. 
Removing the sequential effects resulted in a significantly 
worse model (Ay? = 478.3, d.f. = 2, p < .001). Removing 
the direct effects also significantly reduced model perfor- 
mance, though the change was not as dramatic (Ay2 = 7.1, 
d.f. = 2, p < .05). These results suggest that both types of 
effects should be retained. 

None of the alternative models tested achieved a better 
fit than the baseline model (see Figure 3). Therefore, we 
used the baseline model as our final structural model. 


We also considered various ways acculturation might be 
implicated in the results. We tested whether acculturation 
(1) had a direct effect on FFHH thoughts; (2) moderated the 
effect of language on FFHH thoughts; (3) had a direct effect 
on attitude toward the ad, attitude toward the brand, and/or 
purchase intention; (4) moderated the effects of FFHH 
thoughts on attitudes and intention; or (5) moderated a 
direct path from language to attitudes and intention. None 
of the tested paths were significant, except for a direct effect 
of acculturation on attitude toward the brand (B = .098, p < 
.05). This may be a stray effect because no effect was 
Observed for attitude toward the ad or purchase intention, or 
it may reflect a relationship between acculturation and gen- 
eral openness toward restaurants (a recent study by the NPD 
Group [2005] suggests that as U.S. Hispanics become more 
acculturated, they are more likely to eat at restaurants). 
Either way, acculturation did not moderate any of the 
hypothesized paths in the structural model, and adding 
acculturation to the model did not change the magnitude or 
significance of those paths. 


Hypothesis tests. The results of our final model show 
that the interaction between language and consumption con- 
text is positive and significant (B = .325, p « .01). The direc- 
tion and significance of the interaction provide support for 
Н» (i.e., that the effect of native language on FFHH-related 
thoughts is greater when the advertisement presents a 
native-language consumption context) Indeed, when the 
results are split by context, as we did with the primary 
ANOVA, the effect of native language is significant within 
the native-language-context condition (B = .165, p « .05), 

















TABLE 2 
Model Comparisons: Standardized Parameter Estimates and Goodness-of-Fit Statistics 
Model 1: Model 2: Model 3: Model 4: 
Hypotheslzed Add Language No Dual-Mediation Indirect Effects 

Relationshlps Model Direct Effects Model Effects on ATB and PI 
Language — thoughts n.s. n.s. n.s. n.s. 
Context — thoughts n.s. n.s. n.s. n.s. 
Language x context — thoughts 325** .325** .325** .325** 
Thoughts — ATA .198** .197** .198** 
Thoughts — АТВ ns. n.s. 
Thoughts — PI .094* .093** 
АТА > АТВ .803*** .Bog*** 
АТВ > Pl .831*** .830*** 
Language — ATA А n.s. 
Language — ATB n.s. 
Language — PI Жз n.s. E E ЕСЕ 
AX? (d.f.) versus Model 1 N.A. .8 (3) n.s.b 486.6 (2)***b 7.1 (2)'b 
x2 (d.f.) 270 (112) 269.2 (109) 748.3 (114) 277.1 (114) 
ха!а 4. 2.41 2.47 6.56 2.43 
p-value .00 .00 .00 .00 
CFI .96 .96 .84 .96 
RMSEA .074 .075 147 .074 
*p < .05 
“p< 01 
“ер < .001 
аРта! model 


bChr-square companson versus final model. 


Notes: Shading represents paths not in the model. М.А. = not applicable. ATA = attitude toward the ad, ATB = attrtude toward the brand, and 


PJ = purchase intent. 
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but not within the second-language-context condition. This 
constitutes partial support for H;. 

The model also shows that the proportion of FFHH- 
related thoughts in response to an ad exposure has a posi- 
tive, significant effect on resultant attitudes toward the ad 
(B = .198, р < .01) and purchase intentions (В = .094, р < 
05), in support of Нз. There is also a positive, significant 
sequence of effects from attitude toward the ad to attitude 
toward the brand (B — .803, p « .001) and attitude toward 
the brand to purchase intention (B — .831, p « .001), as per 
the dual-mediation model (MacKenzie, Lutz, and Belch 
1986). 

Tn fitting this structural model, we constrained the cor- 
relations among error terms for the right-most variables 
(attitude toward the ad, attitude toward the brand, and pur- 
chase intention) to zero. This is consistent with structural 


modeling conventions, but the results may be sensitive to 
this constraint. To test the sensitivity of our results, we fit 
the model with correlations among these error terms set at 
nonzero levels up to .5 in increments of .1. These results 
appear in Table 3. Each successive increment yields slightly 
different but increasingly significant path coefficients on the 
right-hand side of the model (the left-hand side is not 
affected), and when the error correlations reach .4, all paths 
including the relationship between FFHH-related thoughts 
and attitude toward the brand are significant. None of the 
effects that are significant in the baseline model are sensi- 
tive to these alternative constraints regarding error structure. 
Overall, therefore, the results of the structural model indi- 
cate that (1) language can influence FFHH-related thoughts 
under suitable context conditions and (2) FFHH-related 


FIGURE 3 
Results of Final Model 


Language x 
consumption 
context 


Consumption 
context 





Proportion of 
FFHH 
thoughts 


toward the 
brand 





*р < .05. 
**p « .01 
***p < .001. 


Notes: y? =270, d.f. =112, р < .001; x2/d.f. = 2.41, CFI = .96; and RMSEA = .074. 


TABLE 3 
Study 2: Results of Sensitivity Analysis 
12.0 
Baseline y=-1 y= -2 y=.3 y= 4 y= 5 


—  —— € ——— о ыы] 


______—————-—-———-———————— = 
Language x compatibllity > FFHH .325 005 .325 .005 .325 .005 .325 .005 .325 .005 .325 .005 


thoughts 

FFHH thoughts » attitude toward 198 .002 201 .001 .206 .001 .211 «001 216 <.001 ‚219 <.001 
the ad 

FFHH thoughts » attitude toward 032 439 .048 .265 .066 .145 .085 .071 .106 .032 126 .015 
the brand 

Attitude toward the ad » attitude 803 «001 720 «001 .628 <.001 .529 <.001 .429 «001 .338 «.001 
toward the brand 

FFHH thoughts » purchase 094 013 .111 .004 .127 .001 .144 <.001 162 «.001  .178 <.001 
intention 

Attitude toward the brand » 831 «001 738 <.001 .651 <.001 .569 «001 .494 «001 .427 «.001 


purchase Intention 
Notes: In all cases, model fit was satisfactory and comparable to the baseline model. 
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thoughts can influence attitude toward the ad and purchase 
intentions. ' 

However, we should note a caveat. Together, the left- 
and right-hand sides of our model might be taken to imply a 
mediated relationship between language and ad outcomes, 
such that language influences ad outcomes through the 
mediation of FFHH-related thoughts. However, when we 
performed a mediation test in accordance with Baron and 
Kenny's (1986) recommended approach, the direct effect of 
language on ad outcomes was not statistically significant 
and thus does not support a mediated effect. Our results 
show that language can influence thoughts and thoughts can 
influence outcomes, but they do not show that language 
influences outcomes through thoughts. 


Additional Results 


To gain further insight into the effects of language, we 
examined the pattern of thoughts as coded in accordance 


with Sauer, Dickson, and Lord's (1992) method. In doing 
so, we followed the pattern of the ANOVA and structural 
model results. These results showed an interaction effect 
between language and context, such that there was a higher 
proportion of FFHH-related thoughts when the advertise- 
ment combined native language with a reference to a native- 
language consumption context, and not otherwise. Accord- 
ingly, we compared the more general pattern of thoughts as 
per Sauer, Dickson, and Lord between this condition 
(native-language—consumption context) and all others. The 
results appear in Table 4. 

In addition to having a higher proportion of FFHH- 
related thoughts, respondents in the native-language— 
consumption condition had a significantly higher propor- 
tion of overall positive thoughts, positive personalized 
thoughts, positive thoughts about the product, and positive 
thoughts about intentions. Notably, the specific percentage 
results for these variables are similar to those observed in 


TABLE 4 
Thought-Listing Results: Study 2 


All Other 
Conditions 


Native-Language— 
Consumption Context 


2 (п = 80) (п = 179) 
$e BO = 179) 


Total number of thoughts 
Mean number of thoughts 


FFHH-related thoughts@ 


Target of Thoughts? - 
Product 
Brand 
Advertisement 
Other 


Type of Thoughtss 
Intention 
Feellng 
Consequences 
Belief 
Other 


Personal (Self-) Relevance of Thoughts 
Personalized self 
Personalized other 
Depersonallzed 


Polarity of Thoughtsa 
Positive 
Neutral 
Negative 


Positive personalized thoughts (self ог other)a 
Positive thoughts about the producte 

Positive thoughts about ће ad 

Positive thoughts about the brand 


248 7 613 
3.1 3.42 
13.0% 6.9% 
19.8% 10.8% 
22.2% 25.2% 
31.9% 39.5% 
26.2% 24.4% 
8.5% 5.2% 
16.9% 23.8% 
4.4% 7.0% 
11.3% 12.5% 
58.9% 51.6% 
47.6% 56.6% 
2.8% 1.9% 
49.6% 41.4% 
38.3% 26.5% 
50.4% 54.5% 
11.3% 18.9% 
26.2% 18.8% 
11.3% 2.7% 
6.9% 6.8% 
9.3% 8.6% 


Positive Intentions 5.2% 1.9% 
a 


Differences between conditions are significant at p « 05. 
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Study 1, but the differences between conditions reach sig- 
nificance in Study 2 because of the larger sample size. 
However, there was no significant difference for positive 
thoughts about the advertisement or brand. Furthermore, in 
contrast to Study 1, there was no overall significant differ- 
ence in the personal relevance of thoughts. 

In some regards, these results suggest the potential for 
language (with context) to influence ad effectiveness. Lan- 
guage and context not only affected the specific content of 
thoughts (with respect to FFHH) but also influenced the 
polarity of thoughts and some types of positive thoughts. 
However, these differences did not carry through to positive 
thoughts about the advertisement or brand, and ultimately 
there was no direct effect of language and context on atti- 
tudes toward the ad, attitudes toward the brand, and pur- 
chase intentions. 


Discussion 


In Study 2, we investigated whether the interaction between 
language and consumption context influenced the propor- 
tion of FFHH-related thoughts elicited by exposure to a 
print advertisement and whether these thoughts, in turn, 
influenced attitude toward the ad, attitude toward the brand, 
and purchase intention. We find a positive, significant 
interaction between language and consumption context, 
such that when a native-language (Spanish) advertisement 
referred to a native-language consumption context (dinner), 
FFHH-related thoughts were more likely to occur. 

In broad terms, these findings suggest not only that the 
choice of language can influence the nature of thoughts 
elicited by an advertisement, which is consistent with Study 
1, but also that this influence is context dependent. Thus, 
advertisers that want to achieve these effects should con- 
sider the consumption context presented in the advertise- 
ment as well as its language. 

In testing whether FFHH-related thoughts affect atti- 
tudes toward the ad and brand and purchase intentions, we 
found that these thoughts can have a positive impact. That 
is, the thoughts triggered by choice of language may make a 
difference in ad effectiveness. However, as we indicated 
previously, our results do not allow for a strong assertion 
that language influences effectiveness through thoughts. 


General Discussion 


Our research offers a new argument with regard to choice of 
language for advertising to bilinguals, ‘suggesting yet 
another reason language might matter. In contrast to recent 
studies that have considered how individual words can gen- 
erate different affective reactions depending on the lan- 
guage in which they are presented (Luna and Peracchio 
2002, 2005), we argue that language as a whole can make a 
bilingual’s language-congruent cognitive structure more 
accessible. In other words, it may not be necessary to iso- 
late specific words; the use of the native language in itself 
can serve as a superattribute under which certain memories 
and knowledge structures can be more easily accessed. 
Note that our restaurant advertisements did not contain spe- 
cific family references or, to the best of our knowledge, any 


other words that have different affective appeal in Spanish 
versus English. This suggests that the engagement of the 
native language, not any specific word or words, made the 
difference in the thoughts generated. 

As hypothesized, we find that the effects of language on 
thoughts may be moderated by the consumption context 
presented in an advertisement (and, presumably, the typical 
consumption context associated with the product being 
advertised). This finding implies that the possible benefits 
of advertising in a minority audience’s native language—as 
related to the theoretical reasons we considered in this 
article—will vary across product categories, depending on 
the executional elements of the advertisement. 

We conducted this research with the objective of study- 
ing a psycholinguistic phenomenon within a marketing 
framework and with the expectation that our results would 
have productive and relevant managerial implications. Two 
points are worth noting in this regard. First, the dangers of 
using college students as study participants are exacerbated 
in language-related research because college students tend 
to be more language proficient than nonstudent adults 
(Peterson and Merunka 2005). Second,’as a practical matter, 
the choice of which language to use when communicating 
with a bilingual is really only a choice if the bilingual in 
question actually consumes media in both languages. Thus, 
a strong point of our research is that unlike many previous 
studies that have examined language choice and bilinguals, 
our sampling methodology identified nonstudent adult 
bilinguals who actually consume print media in both lan- 
guages and thus behave in such a way as to make the mana- 
gerial implications of the research directly relevant. 


Limitations and Further Research 


This research is subject to various limitations. One possible 
issue in Study 1 is that participants in the native-language 
condition translated the advertisement before listing their 
thoughts, whereas participants in the second-language con- 
dition listed their thoughts immediately after viewing the 
advertisement. This difference could have contributed to 
differences 1n the nature of thoughts elicited. However, note 
that there was no significant difference in the total number 
of thoughts listed by participants in the two conditions (i.e., 
in apparent levels of elaboration). Furthermore, we did not 
use this method in Study 2; thus, it would not influence 
those results. 

Another possible limitation is that we asked participants 
only for verbal accounts of their thoughts. Recent research 
suggests that people often do not think in words (Kagan 
2002; Turner 2000); for example, if hearing a woman 
speaking Spanish cues memories of a man's grandmother, 
he may recall the sight of his grandmother's face, the smell 
of her food, the sound of her voice, and the emotion of his 
love for her. Our method requires that participants express 
those thoughts in words. We do not mean to imply through 
this method that all encoding is linguistic; however, as 
Pinker (1994) notes, language is implicated in the represen- 
tation, storage, and communication of thought, and we sim- 
ply argue that different languages may cue (some) different 
thoughts. 
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Note also that this research used only print advertise- 
ments. The results for broadcast media may differ for vari- 
ous reasons, including different levels of involvement, dif- 
ferences in the difficulty in processing a second language in 
print versus auditory form, and different levels of contextual 
richness between print and electronic stimuli. The greater 
level of involvement necessary to process print advertise- 
ments and the notion that a print reader controls the rate of 
information flow (MacInnis, Moorman, and Jaworski 1991) 
may have facilitated the observed effects. 

Finally, there are many ways to operationalize context 
that go beyond our approach in this research. We used 
restaurants as a product category, meal occasion as a con- 
textual variable, and lunch and dinner as the contexts. This 
approach enabled us to manipulate consumption context 
within a single product category, without explicit appeals, 
which was desirable for purposes of experimental validity. 

However, with respect to product category, the engage- 
ment of a native-language consumption context might be 
stronger for products that are directly used in the home or 
weaker for products that are used only in second-language 
contexts, such as work or school. Likewise, the influence of 
FFHH-related thoughts on attitude toward the ad and pur- 
chase intention may vary depending on whether the product 
is directly used in the home and on other product character- 
istics, such as hedonic versus functional use. 


Similarly, to engage consumption context, we simply 
varied whether a restaurant advertisement referred to lunch 
or dinner. Our pretest suggested that dinner would be a 
stronger cue for a family consumption context, but other 
manipulations might have produced sharper differences 
than those observed here. For example, an explicit appeal to 
"think about a great meal with your family" could have 
been used. We did not use such an appeal because of con- 
cerns about demand effects, but if an advertiser's goal is to 
stimulate such thoughts, it would be natural to use an 
explicit appeal. In this regard, the magnitude of the lan- 
guage effects we observed in this research may be con- 
servative compared with what is possible. 

Overall, it should be possible to identify many contex- 
tual variations that have a differential impact on the genera- 
tion of thoughts depending on the language employed; how- 
ever, this does not change the thrust of our research. The 
basic idea of the research, demonstrated in both studies 
reported, is that different languages may cue different 
thoughts in bilinguals. Context moderates this effect. We 
operationalized context through two meal occasions, lunch 
and dinner, but this operationalization is not important per 
se; it simply demonstrates that language effects may depend 
on contextual variables. Additional contextual variations 
will show variations in moderator effects, but the basic exis- 
tence of such effects has been established. 


a nena ne LL LT LL ee - ®——_ 


REFERENCES 


Andersen, Susan M., Noait S. Glassman, and David A. Gold 
(1998), “Mental Representations of the Self, Significant Oth- 
ers, and Nonsignificant Others: Structure and Processing of 
Private and Public Aspects,” Journal of Personality and Social 
Psychology, 75 (4), 845-61. 

Aron, Arthur, Elaine Aron, Michael Tudor, and Greg Nelson 
(1991), “Close Relationships as Including Other in the Self,” 
Journal of Personality and Social Psychology, 60 (2), 241-53. 

Baron, Reuben M. and David A. Kenny (1986), “The Moderator- 
Mediator Variable Distinction in Social Psychological 
Research: Conceptual, Strategic, and Statistical Considera- 
tions,” Journal of Personality and Social Psychology, 51 (6), 
1173-82. 

Beatty, Sharon E. and Salil Talpade (1994), “Adolescent Influence 
in Family Decision Making: A Replication with Extension,” 
Journal of Consumer Research, 21 (2), 332-41. 

Brewer, Manlynn B. and Wendi Gardner (1996), “Who Is This 
“We’? Levels of Collective Identity and Self Representations,” 
Journal of Personality and Social Psychology, 71 (1), 83-93. 

Browne, Michael W. and Robert Cudeck (1993), “Alternative 
Ways of Assessing Model Fit,” in Testing Structural Equations 
Models, J. Scott Long and Kenneth A. Bollen, eds. Newbury 
Park, CA: Sage Publications, 136-62. 

Burnkrant, Robert E. and H. Rao Unnava (1995), “Effects of Self- 
Referencing on Persuasion,’ Journal of Consumer Research, 
22 (1), 17-26. 

Craik, Fergus I. and Robert S. Lockhart (1972), “Levels of Pro- 
cessing: A Framework For Memory Research,” Journal of Ver- 
bal Learning & Verbal Behavior, 11 (6), 671-84. 

Deshpandé, Rohit, Wayne D. Hoyer, and Naveen Donthu (1986), 
“The Intensity of Ethic Affiliation: A Study of the Sociology of 
Hispanic Consumption,” Journal of Consumer Research, 13 
(2), 214-20. 


82 / Joumal of Marketing, September 2008 





and Douglas M. Stayman (1994), “A Tale of Two Cities: 
Distinctiveness Theory and Advertising Effectiveness,” Journal 
of Marketing Research, 31 (February), 57-64. 

Fivush, Robyn (1998), “The Stories We Tell: How Language 
Shapes Autobiography,” Applied Cognitive Psychology, 12 (5), 
483-87. 

Forehand, Mark К. and Rohit Deshpandé (2001), “What We See 
Makes Us Who We Are: Priming Ethnic Self-Awareness and 
Advertising Response,” Journal of Marketing Research, 38 
(August), 336-48. 

Gefen, David, Detmar W. Straub, and Marie-Claude Boudreau 
(2000), “Structural Equation Modeling and Regression: Guide- 
lines for Research Practice,” Communications of the Associa- 
tion for Information Systems, 4 (7), 1-76. 

Hong, Ying-yi, Michael W. Morris, Chi-yue Chiu, and Veronica 
Benet-Martinez (2000), “Multicultural Minds: A Dynamic 
Constructivist Approach to Culture and Cognition,” American 
Psychologist, 55 (7), 709-720. 

Howell, David C. (1992), Statistical Methods for Psychology, 3d 
ed. Belmont, CA: Duxbury Press. 

Hu, Li-tze and Peter М Bentler (1999), “Cutoff Criteria for Fit 
Indexes in Covariance Structure Analysis: Conventional Crite- 
ria Versus New Alternatives,” Structural Equation Modeling, 6 
(1), 55-71. 

Johnson, Craig, Orly Gadon, Don Carlson, Sarah Southwick, 
Myles Faith, and Julie Chalfin (2002), "Self-Reference and 
Group Membership: Evidence for a Group-Reference Effect,” 
European Journal of Social Psychology, 32 (2), 261-74. 

Kagan, Jerome (2002), Surprise, Uncertainty, and Mental Struc- 
tures. Cambridge, MA: Harvard University Press. 

Keenan, Janice M., Jacqueline M. Golding, and Polly Brown 
(1992), “Factors Controlling the Advantage of Self-Reference 
over Others-Reference,” Social Cognition, 10 (1), 79-94. 


Klein, Stanley B. and John F. Kihlstrom (1986), “Elaboration, 
Organization, and the Self-Reference Effect in Memory,” Jour- 
nal of Experimental Psychology: General, 115 (1), 26-38. 

Koslow, Scott, Prem N. Shamdasani, and Ellen E. Touchstone 
(1994), “Exploring Language Effects in Ethnic Advertising: A 
Sociolinguistic Perspective,” Journal of Consumer Research, 
20 (4), 575-85. 

Krishnamurthy, Parthasarathy and Mita Sujan (1999), “Retrospec- 
tion Versus Anticipation: The Role of the Ad Under Retrospec- 
tive and Anticipatory Self-Referencing,” Journal of Consumer 
Research, 26 (1), 55-69. 

Lambert, Wallace E., Maria Ignatow, and Marcel Krauthamer 
(1968), “Bilingual Organization in Free Recall,” Journal of 
Verbal Learning and Verbal Behavior, 7 (1), 207-214. 

Larsen, Steen E, Robert W. Schrauf, Pia Fromholt, and David C. 
Rubin (2002), “Inner Speech and Bilingual Autobiographical 
Memory: A Polish-Danish Cross-Cultural Study,” Memory, 10 
(1), 45-54. 

Linton, April (2004), “A Critical Mass Model of Bilingualism 
Among U.S.-Born Hispanics,” Social Forces, 83 (1), 279-315. 

Luna, David and Laura A. Peracchio (1999), “What’s in a Bilin- 
gual’s Mind? How Bilingual Consumers Process Information,” 
in Advances in Consumer Research, Vol. 26, Eric J. Arnould 
and Linda M. Scott, eds. Provo, UT: Association for Consumer 
Research, 306—311. 

and (2001), “Moderators of Language Effects in 

Advertising to Bilinguals: A Psycholinguistic Approach,” Jour- 

nal of Consumer Research, 28 (2), 284-95. 

and (2002), "Where There Is a Will..”: Motiva- 

tion as a Moderator of Language Processing by Bilingual Con- 

sumers,” Psychology & Marketing, 19 (7-8), 573-93. 

and (2005), “Advertising to Bilingual Consumers: 

The Impact of Code-Switching on Persuasion,” Journal of 

Consumer Research, 31 (4), 760-65. 

| , and Мапа D. De Juan (2003), “The Impact of 
Language and Congruity on Persuasion in Multicultural 
E-Marketing,” Journal of Consumer Psychology, 13 (1-2), 
41—50. 

MacInnis, Deborah J., Christine Moorman, and Bernard J. 
Jaworski (1991), “Enhancing and Measuring Consumers’ 
Motivation, Opportunity, and Ability to Process Brand Infor- 
mation from Ads,” Journal of Marketing, 55 (October), 32-53. 

MacKenzie, Scott B., Richard J. Lutz, and George E. Belch 
(1986), “The Role of Attitude Toward the Ad as a Mediator of 
Advertising Effectiveness: À Test of Competing Explanations," 
Journal of Marketing Research, 23 (May), 130-43. 

Marian, Viorica and Ulric Neisser (2000), “Language-Dependent 
Recall of Autobiographical Memories,” Journal of Experimen- 
tal Psychology: General, 129 (3), 361-68. 

Marín, Gerardo and Barbara V. Marín (1991), Research with His- 
panic Populations. Newbury Park, CA: Sage Publications. 

McCormack, Peter D. (1976), "Bilingual Linguistic Memory: The 
Independence-Interdependence Issue Revisited," in Bilingual- 
ism: Psychological and Social Implications, Peter A. Hornby, 
ed. New York: Academic Press, 57—66. 

Neese, William T. and Ronald D. Taylor (1994), “Verbal Strategies 
for Indirect Comparative Advertising," Journal of Advertising 
Research, 34 (2), 56—69. 

NPD Group (2005), "At the Table with Hispanic Families Across 
America,” (accessed May 5, 2008), [available at http://www. 
npdinsights.com/archives/september2005/food cover story. 
html]. 

Ogilvie, Daniel M. and Richard D. Ashmore (1991), "Self-with- 
Other Representation as a Unit of Analysis in Self-Concept 
Research,” in The Relational Self: Theoretical Convergences in 
Psychoanalysis and Social Psychology, Rebecca C. Curtis, ed. 
New York: Guilford Press, 282—314. 























Peterson, Robert A. and Dwight Merunka (2005), “Linguistic 
Structure and Cognition: Implications for Consumer 
Research,” in Review of Marketing Research, Naresh K. Mal- 
hotra, ed. New York: M.E. Sharpe. 

Petty, Richard E., John T. Cacioppo, and David Schumann (1983), 
“Central and Peripheral Routes to Advertising Effectiveness: 
The Moderating Role of Involvement,” Journal of Consumer 
Research, 10 (2), 135-46. 

Pinker, Steven (1994), The Language Instinct. New York: W. Mor- 
row and Co. 

Putrevu, Sanjay and Kenneth Lord (1994), “Comparative and 
Noncomparative Advertising: Attitudinal Effects Under Cogni- 
tive and Affective Involvement Conditions,” Journal of Adver- 
tising, 23 (2), 77-90. 

Ramírez-Esparza, Nairán, Samuel D. Gosling, Verónica Benet- 
Martínez, Jeffrey P. Potter, and James W. Pennebaker (2006), 
‘Do Bilinguals Have Two Personalities? A Special Case of 
Cultural Frame Switching,” Journal of Research in Personality, 
40 (2), 99-120. 

Rogers, Timothy B. (1981), “A Model of the Self as an Aspect of 
the Human Information Processing System,” in Personality, 
Cognition, and Social Interaction, Nancy Cantor and John F. 
Kihlstrom, eds. Hillsdale, NJ: Lawrence Erlbaum Associates, 
193-214. 

, Nicholas A. Kuiper, and Scott Kirker (1977), “Self Refer- 
ence and the Encoding of Personal Information,” Journal of 
Personality and Social Psychology, 35 (9), 677-88. 

Ross, Michael, W.Q. Elaine Xun, and Anne E. Wilson (2002), 
“Language and the Bicultural Self, Personality and Social 
Psychology Bulletin, 28 (8), 1040-1050. 

Saegert, Joel, Else Hamayan, and Haná Ahmar (1975), "Memory 
for Language of Input in Polyglots," Journal of Experimental 
Psychology: Human Learning and Memory, 1 (5), 607-613. 

Sauer, Paul L., Peter R. Dickson, and Kenneth R. Lord (1992), "A 
Multiphase Thought Elicitation Coding Scheme for Cognitive 
Response Analysis," in Advances in Consumer Research, Vol. 
19, John Е. Sherry Jr. and Brian Sternthal, eds. Provo, UT: 
Association for Consumer Research, 826-34. 

Schrauf, Robert W. (2003), “A Protocol Analysis of Retrieval in 
Bilingual Autobiographical Memory,” International Journal of 
Bilingualism, 7 (3), 235—56. 

Stayman, Douglas M. and H. Rao Unnava (1997), "New Direc- 
tions п Research on Self-Referencing," in Advances in Con- 
sumer Research, Vol. 24, Merrie Brucks and Deborah J. 
MacInnis, eds. Provo, UT: Association for Consumer Research, 
73-14. 

Sujan, Mita, James R. Bettman, and Hans Baumgartner (1993), 
“Influencing Consumer Judgments Using Autobiographical 
Memories: A Self-Referencing Perspective,” Journal of Mar- 
keting Research, 30 (November), 422-36. 

Turner, Jonathan H. (2000), On the Origins of Human Emotions: A 
Sociological Inquiry into the Evolution of Human Affect. Stan- 
ford, CA: Stanford University Press. 

U.S. Census Bureau (2005), “American Community Survey: 
Selected Social Characteristics,” (accessed April 15, 2005), 
[available at http://factfinder.census.gov/servlet/ADPTable?_ 
bm=y&-geo_id=01000US &-qr_name=ACS_2005_EST_G00_ 
DP2&-ds_name=é&-_lang=en&-redoLog=false&-format=]. 

Whittler, Tommy E. (1991), “The Effects of Actors’ Race in Com- 
mercial Advertising: Review and Extension,” Journal of Adver- 
tising, 20 (1), 54—60. 

Whorf, Benjamin L. (1956), Language, Thought, and Reality. 
Cambridge, MA: MIT Press. 

Winograd, Eugene, Carolyn Cohen, and John Barresi (1976), 
“Memory for Concrete and Abstract Words in Bilingual Speak- 
ers,” Memory and Cognition, 4 (3), 323-29. 





Advertising to Bilinguals / 83 


Jade S. DeKinder & Ajay K. Kohli 


Flow Signals: How Patterns over 
Time Affect the Acceptance of 
Start-Up Firms 


This study introduces the concept of flow signals—patterns of a firms attributes over time—and contrasts them with 
point signals discussed in the literature to date. Three properties of flow signals are delineated: displacement, 
propensity, and reversals. The authors illustrate these properties using a start-up's research-and-development 
(R&D) spending and voluntary disclosure flows. The authors argue that the flow signal properties affect prospective 
customers' perceptions of a start-up's current and future product quality, thus influencing their purchase likelihood 
and, ultimately, the start-up's growth in sales. The findings, obtained from panel data comprised of U.S. venture- 
backed firms that went public in 2001—2005, suggest that sales growth is positively affected by displacement and 
propensity of both R&D spending and voluntary disclosures and negatively affected by R&D spending reversals. 


Furthermore, these effects are stronger for the relatively younger start-ups. 


Keywords: market signals, start-up firms, flow signals, information asymmetry, sales growth 


tart-ups are an important engine of growth for the 

U.S. economy (Timmons 1999). Given the influence 

of start-ups in creating new jobs and stimulating the 
economy, extensive resources have been devoted to culti- 
vate their success (e.g., Huyghebaert et al. 2000). For exam- 
ple, 39 of the 50 states in the United States provide tax 
benefits to encourage investments in start-ups. Despite this 
support, only approximately 3596 of start-ups make a profit 
(Pew Survey, cited in Hall 2003), and most start-ups fail 
(Shane and Foo 1999). 

Some start-ups fail because they simply cannot develop 
a product that the market finds useful. Other start-ups con- 
front the "liability of newness" (Stinchcombe 1968). Being 
new, they lack legitimacy, which is "paramount for firm 
performance and survival" (Certo 2003, p. 434). The lack of 
legitimacy makes it difficult for start-ups to attract both 
internal and external stakeholders (Singh, Tucker, and 
House 1986). A particularly difficult challenge for start-ups 
is that of attracting customers and persuading them to pur- 
chase their products (Wiewel and Hunter 1985). 

А start-up must successfully address two key concerns 
of prospective customers to grow sales. First, it must con- 
vince prospective customers that it offers quality products. 
This is particularly difficult because of prospective cus- 
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tomers’ lack of experience with the start-up and the paucity 
of prior customers that may serve as references (Aldrich 
and Fiol 1994). Second, the start-up must convince prospec- 
tive customers that it will offer quality products in the 
future. A start-up’s future product quality is of particular 
relevance to customers who prefer to make repeat purchases 
from the same suppliers (see Lemon, White, and Winer 
2002; Ulaga and Eggert 2006). 

How do prospective customers assure themselves of a 
start-up’s product quality? The literature suggests that cus- 
tomers rely on market signals to make inferences about a 
firm’s product quality (e.g., Akerlof 1970; Choi 2001; Klein 
and Leffler 1981). For example, customers rely on brands 
and advertising as indicators of a firm’s product quality 
(Erdem, Swait, and Valenzuela 2006; Kirmani and Rao 
2000; Rao and Monroe 1989). However, these typical mar- 
keting signals are less useful to customers considering pur- 
chasing from a start-up because start-ups typically have 
"reputationless" brands and their advertising budgets are 
relatively small. Literature in the accounting and manage- 
ment disciplines suggests several firm behaviors, such as 
research-and-development (R&D) spending and voluntary 
disclosures, that can serve as market signals in the start-up 
context (e.g., DeCarolis and Deeds 1999; Healy and Palepu 
2001). 

To date, however, research across disciplines has 
focused on a firm's attribute (behavior or state) at a given 
point in time as a market signal. We argue that this provides 
an incomplete picture of the signaling phenomenon in the 
marketplace. Each of the market signals discussed in the lit- 
erature can be termed a “point signal"—Íinformation about а 
firm at a single point in time. We introduce the concept of 
"flow signals"—the trajectory of point signals over time— 
as additional and valuable information that customers con- 
sider when making their purchase decisions. Prestudy inter- 
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views with 15 executives in start-ups, prospective customer 
organizations, and venture capitalists suggest that cus- 
tomers rely on a start-up's patterns of behavior over time 
(flow signals) to infer the quality of its current and future 
products. These product-quality inferences affect cus- 
tomers' purchase decisions, which in turn affect the start- 
up's sales growth. 

This study contributes to existing research on market 
signaling in three respects. First, it introduces the concept 
of flow signals and compares it with point signals and mul- 
tidimensional signals discussed in the literature to date. 
Second, it delineates three properties of flow signals—dis- 
placement, propensity, and reversals—on which a customer 
is likely to rely. Third, it empirically examines the relation- 
ship between the three properties and a start-up's sales 
growth. The use of sales growth as the dependent variable 
of interest differentiates this study from the majority of 
prior research in marketing on market signals. [п addition, it 
empirically investigates how these relationships vary with 
the age of a start-up. The empirical study uses a panel data 
set constructed specifically for the study and includes all 
venture-backed U.S. firms that issued initial public offer- 
ings (IPOs) between 2001 and 2005. These firms were in 
existence for at least a few years at the time of the IPO and 
thus were in a position to send flow signals. 

The results from a generalized estimating equation 
(GEE) of the panel data indicate that the majority of the 
flow signal properties we investigate in this research are 
significantly related to a start-up's sales growth. These find- 
ings are consistent with the argument that flow signals 
affect customers' perceptions of product quality (though 
they do not provide direct evidence for it, as we discuss 
subsequently). Furthermore, the effects of flow signal prop- 
erties on sales growth are stronger for the relatively 
“younger” start-ups; as we argue subsequently, these find- 
ings provide greater confidence that the relationship 
between flow signals and sales growth can be interpreted as 
reflecting signaling effects. 


Flow Signals and Their Properties 


Prestudy Interviews 


To ground our research in practice, we interviewed 15 
industry executives. Of these executives, 11 held executive 
positions in commercial and not-for-profit organizations, 2 
were owners/founders of start-ups, and 2 were partners in 
venture capital firms. In choosing interviewees, we wanted 
to capture a broad set of perspectives across industries (e.g., 
lumber manufacturers, retail franchise stores), geographic 
locations (e.g., New York City, Atlanta), and position in a 
value chain (e.g., start-ups, customers, venture capitalists). 
On average, the interviews were 45 minutes long, with a 
range of 20 minutes to 2 hours. Executives in customer 
organizations were asked questions such as the following: 
(1) Have you ever considered purchasing from a start-up 
firm? (2) If you did (or did not) purchase, what factors led 
to that decision?. (3) What information provided by the 
start-up influenced your decision? and (4) What, if any- 
thing, could the start-up have done to alleviate your con- 


cerns? Similarly, start-up founders and venture capital 
investors were asked questions such as the following: (1) 
What are the most significant challenges that start-ups face? 
and (2) What can start-ups do to attract customers? 

The interviews underscored customers' hesitation in 
buying from start-ups because of information asymmetry 
between them. To paraphrase a purchasing executive in a 
multinational packaged goods organization: “We hesitate to 
buy from a start-up because of the high cost of trying their 
products and the lack of information about their product 
quality." This executive noted that merely trying a chemical 
product from a start-up would require his firm to change its 
manufacturing routine, and this could cost the customer 
more than $2 million. As such, even product trials are costly 
and require a customer to have a certain level of confidence 
in the product quality a priori. 


Flow Signals: The Concept 


Importantly, a key idea that emerged from the interviews is 
that to discern product quality, prospective customers con- 
sider not just current behaviors of a start-up but also pat- 
terns of its past behaviors. For example, an executive in a 
customer organization described his approach to evaluating 
a start-up along the following lines: “We look at where they 
are now, but also where they have been because that tells us 
more about them, and where they will be tomorrow." This 
and similar ideas expressed by other interviewees suggest 
that customers use a start-up's behavioral patterns over time 
to infer its current and future product quality. In other 
words, the behavioral patterns serve as flow signals of prod- 
uct quality. 

To illustrate, consider a customer who has information 
about R&D spending of four firms (A, B, C, and D), as we 
show in Figure 1. The customer has information on Firm 
A's R&D spending at just one point in time and information 
on the R&D spending of Firms B, C, and D over the past 
five years. The customer can use this information to infer 
the level of commitment of Firms B, C, and D to R&D 
spending and thus is likely to infer that they are committed 
to R&D spending, given that they all have increased R&D 
spending over time. That is, these flow signals are likely to 
lead the customer to believe that Firms B, C, and D are con- 
tinuing to make improvements in their product quality 
because R&D spending is a signal of product quality (see 
DeCarolis and Deeds 1999; Deeds, DeCarolis, and Coombs 
1997). Conversely, it is more difficult for the customer to 
assess Firm A's commitment to R&D spending, given just 
one data point for the firm. 

In addition, the customer can project past trends in 
R&D spending of Firms B, C, and D into future years (see 
Oliver and Winer 1987). These projections suggest that 
Firm C will spend more on R&D than Firms B and D in the 
future because the firm has increased its R&D spending at a 
faster rate. In contrast, Firm B has remained constant in 
the rate of change of its R&D spending, and Firm D has 
decreased the rate of change of its R&D spending, respec- 
tively. Therefore, the customer is likely to believe that Firm 
C will offer higher-quality products in the future because it 
has continued to increasingly invest in improvements in its 
product quality. In contrast, the customer would find it diffi- 
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FIGURE 1 
A Comparison of Point Signals with Flow Signals. 
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cult to predict Firm A's future R&D spending, given just 
one data point, and is likely to be uncertain about the qual- 
ity of the firm's future products. As the illustration suggests, 
а prospective customer can process information in a start- 
up's flow signal to infer the quality of its current and future 
products.! 


Flow Signals: A Formalization 


Market signals have been studied in many different disci- 
plines and have been applied to many different contexts 
associated with information asymmetry (Akerlof 1970; 
Klein and Leffler 1981; Spence 1973). Market signals stud- 
ied to date are economic, social, or status signals that can be 
viewed as alterable and observable firm attributes that help 
customers (and other entities, such as employees or 
investors) differentiate between quality levels because sig- 
nals are costly for low-quality firms to mimic and thus 
result in differential returns across firms (see Milgrom and 
Roberts 1986; Podolny 2005; Spence 1973). 

A point signal is a firm attribute (behavior or state) at 
one point in time that meets the previously noted criteria. A 





ЦЕ could be argued that a potential customer would also be 
interested in the firm's likelihood of survival, which 1s necessary 
for future products to exist. The customer might use flow signals 
to make inferences about the start-up's expected longevity rather 
than product quality. As we discuss in the "Results" section, our 
findings suggest that this is not the case in the current sample. 
However, this issue warrants further research with additional sam- 
ples and data. 
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flow signal is a pattern of point signals over multiple peri- 
ods, which can be used to make inferences about the quality 
of the signaling entity and its products? As with a point sig- 
nal, a flow signal is alterable and observable; however, a 
flow signal need not always be too costly for a low-quality 
firm to mimic. Consistent with Porter's (1980) definition of 
a signal, a flow signal is a pattern of a firm's attributes 
(behaviors or states) over time, which provides an indica- 
tion of its intentions and abilities. In summary, we argue 
that a flow signal provides information (beyond that pro- 
vided by a point signal) that a customer can use to make 
inferences about the quality of a firm and/or its products. 

A flow signal can also be contrasted with multiple sig- 
nals and multidimensional signals discussed in the literature 
(e.g., Chen 1997). The latter are multiple pieces of informa- 
tion about a firm but at a single point in time. For example, 
Chen (1997) discusses a firm's announcement of its deci- 
sion to finance its diversification with new equity as a mul- 
tidimensional signal. It is multidimensional because both 
the decision to diversify and the decision of how to finance 
the diversification serve as signals. A corresponding flow 
signal would be the pattern of diversification and financing 
decisions over multiple periods. 





2We use the term “flow” to refer to a pattern over time; this is 
different from the literature on the resource-based view of the 
firm, in which "flow" refers to a resource input at a single point 
that adds to the stock of the firm's resources (see Dierickx and 
Cool 1989). 


Properties of Flow Signals 


А key question with regard to flow signals is the particular 
properties on which customers rely. Consider the R&D- 
based flow signals for the four suppliers in Figure 2. Each 
supplier increases its R&D spending between Year 1 and 
Year 5, but some do so more than others. Do buyers focus 
on the overall macrolevel changes between Year land Year 
5, or do they focus on microlevel changes from one year to 
the next (i.e., Year 1 to Year 2, Year 2 to Year 3, and so on)? 
Do they focus on the magnitude of changes over time or on 
just the direction of the changes? Do they focus on the con- 
sistency of changes from one year to the next? 

We address these questions by delineating and empiri- 
cally investigating three properties of a flow signal sug- 
gested in the marketing, economics, and finance literature: 
(1) displacement, (2) propensity, and (3) reversals. These 
properties capture macro and micro aspects of flow signals, 
as well as the direction, magnitude, and consistency of the 
flows. 

For expositional purposes, we use a start-up s R&D 
spending and voluntary disclosures over time to investigate 
the effects of displacement, propensity, and reversals. We 
selected these two types of point signals to provide a more 
robust test of the flow signal concept. In addition, the man- 
agement and accounting literature suggests that potential 
investors use these two firm behaviors as signals of quality 
(Pastena and Ronen 1979; Trueman 1986). 

Research-and-development spending reflects a firm's 
investments in developing new and better products and thus 
can be construed as a signal of product quality (e.g., Dar- 
rough and Rangan 2005; DeCarolis and Deeds 1999; 
Deeds, DeCarolis, and Coombs 1997). As we mentioned 
previously, R&D spending can be an effective signal of 


product quality because it is costly for a low-quality firm to 
mimic such expenditures (see Klein and Leffler 1981; 
Spence 1973). 

Voluntary disclosure refers to a firm revealing informa- 
tion about itself that it is not required by law to reveal (e.g., 
Healy and Palepu 2001; Lang and Lundholm 1993). The 
disclosures may include information about the firm's costs, 
investments, likely earnings, new product developments, 
product launches, strategies, and personnel decisions. Vol- 
untary disclosures reflect a firm's confidence in itself and 
its products and therefore can be interpreted as a signal of 
product quality (e.g., Bushman, Piotroski, and Smith 2004; 
Healy and Palepu 2001). As Lang and Lundholm (1993, p. 
249) argue, “їп the presence of disclosure costs, firms 
whose performance exceeds a certain threshold will dis- 
close, while those below the threshold will not.” Voluntary 
disclosures are economic signals, in part because it is costly 
for low-quality firms to engage in voluntary disclosures. 
These costs include the dollar cost of developing and dis- 
seminating newsworthy information and the severe penal- 
ties and forfeiture of trust of reporters, analysts, and cus- 
tomers if fabricated information is disclosed by a 
low-quality firm and discovered subsequently. 


Displacement. The first property—displacement—is 
suggested in the literature on the evaluations of temporal 
sequences (e.g., Ariely 1998; Chapman 2000). Displace- 
ment refers to the current level of a firm's behavior (or 
state) relative to a reference level (Hsee and Abelson 1991; 
Hsee, Abelson, and Salovey 1991). In our context, displace- 
ment refers to a start-up's current R&D spending relative to 
a reference level—for example, its R&D spending five 
years prior (RD4/RD,). To take this example further, the 
flow signal of Firm E might have a displacement of 20 


FIGURE 2 
Properties of Flow Signals 
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because its R&D spending grows from 1 in Year 1 (refer- 
ence level) to 20 in Year 5 (current level), whereas the flow 
signal of Firm F might have a displacement of 5 because its 
R&D spending grows from 4 to 20 (see Figure 2). 

Displacement captures both directional and magnitude 
aspects of a flow signal at a macro level. It indicates 
whether a firm behavior is increasing or decreasing (the 
directional aspect) and by how much (the magnitude). Dis- 
placement is a macrolevel property of a flow signal in that it 
is based only on firm behaviors during the current and ref- 
erence periods (Year 5 and Year 1). Displacement does not 
account for firm behaviors during intervening periods (i.e., 
during Years 2, 3, and 4 in the illustration in Figure 2). For 
example, displacement of flow signals of Firm E and Firm 
G are identical at a macro level (both are 20); however, the 
firms’ R&D spending in the intervening periods are differ- 
ent. Аз such, a customer interested in overall growth in 
R&D spending rather than the spending in intervening years 
is likely to rely on the displacement property of a flow 
signal. 

If a start-up's R&D spending displacement is relatively 
high, a prospective customer is likely to infer greater start- 
up commitment to R&D and to improving product quality. 
The customer is likely to conclude that the start-up offers a 
high-quality product. In addition, the customer is likely to 
project even higher spending on R&D by the start-up in the 
future and to conclude that the future products offered by 
the start-up are likely to be of even higher quality. These 
inferences about current and future product quality are 
expected to increase the customer's likelihood of purchas- 
ing from the start-up at the present time. Similarly, if a start- 
up's voluntary disclosure displacement is relatively high, a 
customer is likely to make inferences about the start-up’s 
increasing confidence in its products and, thus, its higher 
product quality. In turn, these inferences are expected to 
lead to greater purchase likelihood, resulting in greater sales 
growth for the start-up. 

Hı: The greater a start-up's (a) R&D spending displacement 

as of time t and (b) voluntary disclosure displacement as 
of time t, the greater is its sales growth at time t. 


Propensity. The second property of a flow signal— 
propensity—is suggested by studies in economics that 
examine directional moves in real business cycle models 
(e.g., Cogley and Nason 1995; Watson 1986). Propensity 
refers to a firm's tendency to engage in a behavior (or be in 
a particular state) in each successive period within a flow 
sequence. Consider the flow signals of Firm E and Firm H 
(Figure 2). Both flow signals have the same displacement; 
however, Firm E has a greater propensity to increase R&D 
spending because it increased its R&D spending in each of 
the four periods included in the flow signal. Conversely, 
Firm H held its R&D spending constant in two of the four 
periods. 

Similar to displacement, propensity captures directional 
aspects of a flow; however, it does not capture the magni- 
tude of changes in a firm's behavior. Furthermore, in con- 
trast to displacement, propensity captures microlevel 
changes from one period to the next throughout the time 
span covered by the flow signal. Therefore, a customer is 
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likely to rely on the propensity property of a flow signal if 
he or she is interested in knowing a start-up's tendency to 
behave increasingly in a desired manner rather than in the 
magnitude of the changes over time. 

We argue that a customer is likely to prefer a start-up 
with a behavioral sequence that reflects a high propensity 
for R&D spending (voluntary disclosures) for two reasons. 
First, a customer is likely to infer that such a start-up has a 
greater commitment to R&D spending (voluntary disclo- 
sures). In turn, this is likely to signal that the start-up's 
products are improving over time and are likely to be of a 
higher quality. Second, a greater propensity to increase 
R&D spending (voluntary disclosures) suggests to prospec- 
tive customers that the start-up will have high levels of 
these behaviors in the future, thus signaling continuing 
improvements and higher product quality in the future. As 
such, we expect that firms with a higher propensity to 
increase R&D spending and voluntary disclosures grow 
their sales to a greater extent. 

Но: The greater a start-up's (a) R&D spending propensity as 

of time t and (b) voluntary disclosure propensity as of 
time t, the greater is its sales growth at time t. 


Reversals. The third flow signal property—reversals—is 
suggested by studies in finance that focus on stock price 
movements and their influence on investor expectations 
(e.g., Barberis, Shleifer, and Vishny 1998; Bloomfield and 
Hales 2002). In our context, a reversal refers to a change in 
the direction of a firm’s behavior (or state) from one period 
to the next. For example, the flow signal of Firm G contains 
several reversals, whereas that of Firm E does not contain 
any reversals (Figure 2). As with propensity, reversals cap- 
ture microlevel changes from one period to the next in the 
periods covered by a flow signal. Unlike propensity and dis- 
placement, however, reversals reflect the consistency of a 
firm’s behavior across adjacent periods included in a flow 
signal. 

Prior research has shown that investors tend to over- or 
underprice stocks relative to their economic value because 
of their irrational reactions to trend reversals (e.g., Johnson, 
Tellis, and Macinnis 2005; Morrin et al. 2002). Following 
this line of research, we argue that reversals in R&D spend- 
ing and voluntary disclosures inversely affect a customer’s 
likelihood of purchasing for two reasons. First, customers 
are likely to view the number of reversals in these behaviors 
as a sign of inconsistency in a firm’s actions.3 A prospective 
customer is likely to attribute the inconsistency to one or 
more of a variety of factors, such as internal conflicts, con- 
fused goals and priorities, erratic execution, and weak man- 
agement. In turn, these attributions are likely to lead 
prospective buyers to question the product quality they can 
expect, thus discouraging them from purchasing from the 
start-up. 

Second, prior research has suggested that people use 
past reversals in behavior to form expectations of future 
reversals (e.g., Bloomfield and Hales 2002). Thus, a cus- 


3We do not suggest that these customer perceptions are rational 
or irrational but rather that they are likely to exist. 


tomer is likely to conclude that start-ups with a greater 
number of past reversals are likely to have a greater number 
of future reversals, thus leading to doubts about the quality 
of their future products. As such, we expect that start-ups 
with greater reversals in R&D spending (voluntary disclo- 
sures) have lower sales growth. 
Ha: The greater a start-up's (а) R&D spending reversals as of 
time t and (b) voluntary disclosure reversals as of time t, 
the lower is its sales growth at time t. 


The Moderating Effect of Start-Up Firm Age 


A prospective customer faces greater product-related uncer- 
tainty when considering purchasing a product from a 
younger start-up than a more established one. This is 
because younger start-ups have fewer prior customers to 
vouch for their product quality. Moreover, younger start-ups 
do not have distinct reputations compared with more estab- 
lished start-ups. Thus, a prospective customer is likely to 
have a greater need to reduce product-related uncertainty 
when considering purchasing from a relatively younger 
start-up. Аз such, the customer is likely to rely on flow sig- 
nals to a greater extent to make inferences about a start-up’s 
product quality. This suggests that the relationship between 
flow signals and start-up sales growth is stronger for 
younger start-ups. Thus: 


Hy: The lower the start-up age, the stronger is the relationship 
between a start-up’s (a) R&D spending displacement and 
sales growth, (b) R&D spending propensity and sales 
growth, and (c) R&D spending reversals and sales growth 

Hs: The lower the start-up age, the stronger is the relationship 
between a start-up’s (a) voluntary disclosure displacement 
and sales growth, (b)-voluntary disclosure propensity and 
sales growth, and (c) voluntary disclosure reversals and 
sales growth. 


Method 


Sample 


The study sample includes all venture-backed U.S. start-ups 
that went public between 2001 and 2005. Because the 
study’s focus is on relatively young start-ups, we eliminated 
from the sample firms that were older than ten years at the 
time of their IPO. This resulted in a sample of 169 start-ups 
with an average age of five years at the time of the IPO. 
We further eliminated 5 firms that were not in business-to- 
business markets to minimize the effects of potential differ- 
ences across customer types. Finally, we eliminated 3 firms 
with extensive missing data. The final sample consisted of 
161 start-ups. 

The final sample includes firms with products in a vari- 
ety of two-digit Standard Industrial Classification (SIC) 
codes: 28, 36, 38, 48, 59, 67, 73, 80, and 87. Approximately 
27% of the firms are in the chemical and allied products 
industry (SIC 28), and 22% of the firms are in the business 
services industry (SIC 73). The sample includes start-ups 
that went public in various years—approximately 15% went 
public in 2001, 9% in 2002, 11% in 2003, 43% in 2004, and 
22% in 2005. 


Data and Measures 


We compiled data for the study from several different 
sources, including IPO prospectuses (obtained from Securi- 
ties and Exchange Commission filings at www.sec.gov), 
Thomson Financial, LexisNexis, Factiva, and SDC Plat- 
inum. For each firm included in the sample, data on sales 
revenues, R&D spending, voluntary disclosures, and control 
variables (discussed subsequently) are compiled for up to 
five years before the firm went public. 


Dependent variable and sample. We computed sales 
growth from the sales figures each firm reported in the 
selected financial data section of its IPO prospectus. Con- 
sistent with prior research on sales growth, we take the log 
of sales growth to normalize its distribution (e.g., Campello 
2003; Singh and Mitchell 2005): 


Log(SalesGrowth,) = Log(Sales,/Sales, _ |). 


Sales growth captures the absolute value of sales rela- 
tive to the prior year and thus controls for differences in 
product prices across firms. In addition, sales growth 
reflects the acquisition of new customers and increased pur- 
chases by current customers, both of which are arguably 
influenced by the flow signals we discuss in this study. 

Sales growth during the most recent complete year (i.e., 
the year before the IPO), the year prior, and two years prior 
are used as three observations on the dependent variable 
(sales growth). Several of the start-up firms in the sample 
made their first sale during one of the five years before their 
IPO (ie., in the flow window). As such, these firms’ sales 
went from 0 to a positive number during the flow window, 
resulting in infinite sales growth (5/8, _ 1) for certain years. 
In these instances, it is not possible to calculate the log of 
sales growth, which reduces the number of firms used for 
estimating the model to 119 start-ups and results in an 
unbalanced panel consisting of 295 observations. As we 
discuss subsequently, we eliminated four outliers. Descrip- 
tive statistics and correlations for the final 291 observations 
appear in Tables 1 and 2. 


Independent variables. We obtained data on each start- 
up’s R&D spending from the selected financial data section 
of the firm’s IPO prospectus. We calculated R&D spending 
displacement by dividing a firm’s R&D spending in the last 
year of its flow window by its R&D spending in the first 
year of its flow window. Thus, for a firm that went public in 
2005, the flow window was 2000—2004. We computed its 
R&D spending displacement as its R&D spending in 2004 
divided by its R&D spending in 2000 (displacement = 
RD,/RD, _ 4). We calculated R&D spending propensity as 
follows: First, positive changes in R&D spending in two 
adjacent periods in the flow window are scored as +1, nega- 
tive changes are scored as —1, and no changes are scored as 
0 Second, these scores are summed across the periods 
included in the flow window to obtain the R&D spending 
propensity for a firm. Thus, for a firm going public in 2005, 
we computed R&D spending propensity using changes in 
R&D spending from 2000 to 2001, from 2001 to 2002, 
from 2002 to 2003, and from 2003 to 2004. We measured 
R&D spending reversals as the number of years in a flow 
window that a firm's R&D spending increases (ог 
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TABLE 1 


Descriptive Statlstics 
a = 


M 
Log sales growth, 79 
R&D spending; (in thousands of dollars) 26,447 
R&D spending displacement, 44.84 
R&D spending propensity, 1.76 
R&D spending reversals, .50 
Voluntary disclosures, . 206 
Voluntary disclosure displacement, 18.92 
Voluntary disclosure propensity, 1.50 


Voluntary disclosure reversals , .99 
(Koyck) cumulative R&D spending, _ , 


. (In thousands of dollars) 38,801 
PPE investment, (in thousands of dollars) 26 50 
PPE Investment displacement, 9.56 
PPE investment propensity, —.92 


PPE investment reversals, 97 
Firm age, (years) 


Notes: N = 291. PPE = plant, property, and equipment. 


decreases) after having decreased (or increased) in the pre- 
vious year. Thus, for a firm that went public in 2005, R&D 
spending reversals are the number of years during 
2000-2004 in which its annual R&D spending decreased 
(increased) after having increased (decreased) in the previ- 
ous year. 

Healy and Palepu (2001) note that measures of volun- 
tary disclosure used in accounting studies tend to be differ- 
ent, depending on their theoretical focus. In the current 
study, we measured voluntary disclosure as the total num- 
ber of a firm's voluntary communications (i.e., not required 
by law) about itself, including its strategy, earnings, costs, 
new product development, and human-resources decisions 
released through multiple media, such as annual reports, 
earnings announcements, press releases, analyst meetings, 
and transcript feeds for television. This measure is appropri- 
ate for the theoretical focus of the study because it captures 
the idea of reflecting a firm's confidence in its products and 
itself (see also Lang and Lundholm 1993). 

Following Bushee and Miller (2005), we use tbe Factiva 
"Intelligent Indexing" to compute the firm's disclosures. 
This indexing is a more specific search engine than the 
more commonly used "Free Text" search. Intelligent Index- 
ing identifies only articles in which a firm is the subject of 
the article rather than all articles in which the firm is men- 
tioned (including those in which the firm is not the subject 
of the article). Data obtained in this way are less "noisy" 
(Bushee and Miller 2005). We computed voluntary disclo- 
sure displacement, propensity, and reversals in a manner 
analogous to those for R&D spending displacement, 
propensity, and reversals described previously. 


Variable for aiding interpretation. Because a firm's 
increasing investments 1n R&D can signal the firm's confi- 
dence in its longevity or staying power rather than product 
quality, we test the “product-quality” signaling argument 
against the “staying-power” signaling argument. We do so 
by including in our model flow signal properties based on 
plant, property, and equipment (PPE) investments that can 
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Minimum . Maximum SD 
—3.68 6.25 .95 
0 625,824 65,556 
0 2844 258 
-3 3 1.23 
0 3 75 
0 3192 317 
0 607 50.7 
-3 3 1.58 
0 3 .86 
0 698,776 92,454 
0 1902 140.4 
0 218 28.10 
-3 3 2.08 
0 3 .86 
0 10 2.16 


signal firm-perceived staying power but not product quality. 
If flow signal properties based on PPE investments are 
related to sales growth, a relationship between R&D flow 
signal properties and sales growth can be interpreted as 
evidence for the product-quality signaling argument, the 
staying-power signaling argument, or both. However, if 
PPE flow signal properties are not related to sales growth, a 
relationship between R&D flow signal properties and sales 
growth can be interpreted as evidence of the product-quality 
signaling argument. 

We obtained data on each start-up's PPE spending from 
the selected financial data section of the firm's IPO 
prospectus. We calculated PPE displacement, propensity, 
and reversals in a manner similar to those for R&D spend- 
ing described previously. 

Moderating variable. We measure start-up firm age as 
the number of years from the start-up's date of inception to 
the time of observation. We obtained year of inception from 
the firm's IPO prospectus. 

Control variables. In addition to a signaling effect, 
R&D spending can affect a start-up's sales growth by lead- 
ing to a greater number and higher quality of product offer- 
ings. To control for this effect, our model includes cumula- 
tive R&D spending during the years included in the model 
(computed per Koyck's [1954] distributed lag specification; 
the decay parameter varies depending on the number of 
lagged years available and is .618, .544, and .7, respec- 
tively). This study includes several top management team 
(TMT) variables that can signal higher quality and thus 
influence a firm's sales growth (e.g., Certo 2003; Chem- 
manur and Paeglis 2005). These include the following: (1) 
TMT education, computed as the percentage of TMT mem- 
bers (vice president or higher) that have a higher education 
level than a bachelor's degree, as indicated in the start-up's 
IPO prospectus (adapted from Chemmanur and Paeglis 
2005); (2) average age of TMT members, computed as an 
average of the ages of each TMT member, as indicated in 
the IPO prospectus; (3) prior position of TMT members, 
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computed as the percentage of the TMT members that held 
positions of vice president or higher at their immediately 
previous company; and (4) TMT size, measured as the num- 
ber of firm members holding the position of vice president 
or higher, as indicated in the management section of the 
IPO prospectus (see Blau and Schoenherr 1971; Kor 2003). 

Research in finance and management (e.g., Gulati and 
Higgins 2003; Megginson and Weiss 1991) suggests that 
the prominence of venture capital investors taking a finan- 
cial stake in a start-up signals stronger prospects for the 
start-up. Therefore, we include this variable to control for 
its signaling effect on customers. A venture capital firm is 
considered prominent if it is among the top 30 investors in a 
given year as measured by total dollars invested (Gulati and 
Higgins 2003). We obtained this information from Venture- 
Xpert. We compute venture capital prominence as the total 
number of prominent venture capital firms that invest in a 
start-up firm (a minimum of 5% stake) in a given round of 
funding. 

Interfirm relationships, such as joint ventures or strate- 
gic alliances, can lead to greater performance outcomes for 
the participating firms (Kale, Dyer, and Singh 2002). In 
addition, such relationships can be used as signals for qual- 
ity (Eisenhardt and Schoonhoven 1996; Nicholson, Danzon, 
and McCullough 2005). To control for these effects on sales 
growth, we include a dummy variable that has a value of 1 
if the start-up forms a strategic alliance or joint venture and 
0 if otherwise (information obtained from SDC Platinum). 

Mergers and acquisitions can affect sales and profitabil- 
ity of the merging firms (Gugler et al. 2003). To control for 
such effects, we include a dummy variable that has a value 
of 1 if the start-up is involved in a merger or acquisition and 
0 if otherwise (information obtained from SDC Platinum). 

To control for the different growth rates, policy deci- 
sions, and environmental factors within an industry, we 
include a dummy variable for each industry at the two-digit 
level obtained from the COMPUSTAT database. 

To control for the effect of different macroeconomic 
events on sales growth in a given year, we include a dummy 
variable for each year for which sales growth is computed. 


Analyses 


We conduct a Granger (1969) causality test of the effect of 
R&D spending on sales growth, as well as of sales growth 
on R&D spending (see Luo and Homburg 2007). The 
results of these tests suggest that R&D spending “Granger- 
causes" sales growth (Wald y2(2) = 121, p < .00) and that 
sales growth Granger-causes R&D spending (Wald ¥2(2) = 
21, p < .00). While providing empirical support for our 
argument that R&D spending affects sales growth, these 
results also suggest reverse causation and, therefore, endo- 
geneity of R&D and the flow signal properties computed 
from it. To address this issue, we instrument R&D spending 
using the lagged value of R&D spending. Similarly, to 
address the endogeneity of voluntary disclosure (and the 
flow signal properties computed from it) as well as PPE 
investments (and the flow signal properties computed from 
it), we instrument voluntary disclosures and PPE invest- 
ments using their lagged values. Next, we estimate the fol- 
lowing model: 
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ОФ  SLGR; = By + BjRD, + B,RDDIS,, + B;RDPROP,, 
_ * BJRDREV, + B, VD, + B; VDDIS, 
+ D; VDPROP, + B, VDREV, + В,ЕМАС, 


15 
+ У BEMAG*, + gRDKOY,, _ | 


3=10 


+ 9;PPE, + ФРРЕР1$ + 9,PPEPROP, 


21 
+ỌsPPEREV, + У үСомт,, 
171 


* V aps ten, 
8-1 


where 


*i is the individual firm, t is the time, and SLGR is log (sales 
growth); 

*for the substantive hypotheses variables, RD is R&D spend- 
ing and RDDIS, RDPROP, and RDREV are R&D spending 
displacement, propensity, and reversals, respectively; VD is 
voluntary disclosures and VDDIS, VDPROP, and VDREV 
are VD displacement, propensity, and reversals, respectively; 
ЕМАС is firm age and FMAG* represents the interaction 
terms between firm age and both R&D spending displace- 
ment, propensity, and reversals and VD displacement, 
propensity and reversals; 

*for the interpretation variables, RDKOY is cumulative R&D 
spending (Koyck's [1954] distributed lag specification); PPE 
is plant, property, and equipment investments; and PPEDIS, 
PPEPROP, and PPEREV are PPE displacement, propensity, 
and reversals, respectively; 

efor the control variables, CONT _4 are TMT size, degree sta- 
tus, average age, and position status, respectively; CONT; is 
venture capital prominence; CONT, is a joint venture/ 
alliance dummy; CONT; is a mergers-and-acquisitions 
dummy; CONT; 15 are industry dummies; and CONT 21 
are year dummies; 

*FS*, g are six interaction terms—three R&D flow signal 
properties interacted with one another and three voluntary 
disclosure flow signal properties interacted with one another; 
and 


*£ is the error term. 


We estimate the model on a sample of 291 (we dropped 
4 observations because they were more than 3 standard 
deviations from the mean) using GEE because it controls 
for correlations among observations across time (Liang and 
Zeger 1986). The GEE corrects for these correlations by 
assuming an a priori “working” correlation structure for the 
repeated measurements of sales growth (Zorn 2001). In our 
estimation, we assume an unstructured correlation matrix 
because this is the least restrictive, allowing each parameter 
in the estimated correlation matrix to be different. The GEE 
1s a general method for analyzing longitudinal data and can 
apply to different families of distribution with different 
canonical links (Diggle, Liang, and Zeger 1994). We spec- 
ify a Gaussian family and an identity link. 

The GEE estimates regression parameters in an iterative 
manner, using the quasi-likelihood function. The model is 
estimated after eight iterations and results in a Wald statistic 


of 150.94 (p « .00). We use robust standard errors in the 
model, even though GEE analysis is considered robust 
against misspecification of the correlation structure (Liang 
and Zeger 1986). 


Results 


We assess the variance explained by the flow signal 
variables by comparing the fit of our model with a baseline 
model that is identical but excludes the six flow signal prop- 
erties and their interaction terms. Our model results in a sig- 
nificant increase in variance explained (Wald 2(19) = 108, 
р < .00). This suggests that flow signals have significant 
explanatory power with regard to a start-up's sales growth. 

In addition, the parameter estimates provide support for 
the majority of our hypotheses (see Table 3). Both R&D 
displacement and R&D propensity have a positive effect on 
start-up sales growth (В, = .03, р < .09; Вз = .87, p < .08), in 
support of Ни. and Н. Similarly, R&D reversals have a 
negative effect on start-up sales growth (В; = —2.13, р < 
.02), in support of H3,. Both voluntary disclosure displace- 
ment and voluntary disclosure propensity have a positive 
effect on start-up sales growth (Bg = .23, p « .08; B; = .36, 
р < .09), in support of Нуь and Hz. However, contrary to 
our expectations, voluntary disclosure reversals do not 
appear to have a statistically significant effect on start-up 
sales growth (Bg — .06, p « .86). 

Our results also support the argument that flow signal 
properties are likely to be more important to customers who 
are considering purchasing from relatively younger start- 
ups. Consistent with Hy, and Hay, firm age reduces the 
effect of R&D displacement and R&D propensity on start- 
up sales growth (Biọ = —01, p < .04; Bi; = —12, p < .08). 


Similarly, and consistent with На, firm age reduces the 
(negative) effect of R&D reversals on sales growth (Ву; = 
28, p < .01). The findings for voluntary disclosure are simi- 
lar. Consistent with Hs, and Hsp, firm age reduces the effect 
of voluntary disclosure displacement and voluntary disclo- 
sure propensity on sales growth (Вуз = —02, р < .06; Ву = 
—.08, p < .05). 

Notably, our results indicate that PPE displacement, 
propensity, and reversals do not have a statistically signifi- 
cant effect on sales growth (фз = .00, р < .67; Фл = .01, p< 
79; qs = —.08, р < .92). Recall that the goal of including 
these constructs in the model was to assess whether flow 
signal properties signal product quality or a start-up's stay- 
ing power. These results support the product-quality signal- 
ing argument over the staying-power argument. Finally, 
none of the six cross-product terms representing inter- 
actions of flow signal properties among themselves are sta- 
tistically significant. This suggests that customers use these 
signals independently. 

To test for the robustness of our results, we conduct sev- 
eral additional analyses. First, we test for the robustness of 
results across alternative’measures of flow signal properties. 
We estimate our model after changing the displacement 
measure to the absolute difference between Year 1 and Year 
5 rather than their ratio. We also estimate the model after 
changing the propensity measure to an average rather than 
the absolute sum. In both instances, the resultant parameter 
estimates are consistent with those we obtained from the 
measures used in the study and indicate identical conclu- 
sions regarding the hypotheses tests. Second, we test for the 
effects of flow signal properties across different flow signal 
window durations. We reconstructed each of the six flow 
signal property values with a flow window of only three 





TABLE 3 
Regression Results 
Hypothesized Effect Coefficient Estimate Z-Value 
R&D spending —2.86е-7 —33 
R&D spending displacement + .03* 1.65 
R&D spending propensity + .87* 1.74 
R&D spending reversals - —2.13** –2.40 
Voluntary disclosures .00 1.60 
Voluntary disclosure displacement + .23* 1.73 
Voluntary disclosure propenslty * .36* 1.67 
Voluntary disclosure reversals - .06 .18 
(Koyck) cumulative R&D spending 1.1868 .10 
PPE investment .02 .92 
PPE investment displacement .00 .43 
PPE investment propensity .01 27 
PPE Investment reversals —.08 —.10 
Firm age —.27** –2.28 
Firm age x R&D displacement — —.01** —2.05 
Firm age x R&D propensity — —.12* —1.74 
Firm age x R&D reversals t .28"* 2.50 
Firm age x volume disclosure displacement — —.02* —1.83 
Firm age x volume disclosure propensity = —.08** —1.96 
Firm age x volume disclosure reversals t —.03 —.59 


*p < 10. 
**p « .05. 
Notes: N = 291. 
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years. The results are consistent with the majority of the 
results we reported previously. 

A. final set of analyses includes the lagged dependent 
variable (i.e., lagged sales growth) in the model as an inde- 
pendent variable to control for the effect of omitted 
variables not explicitly included in the model (e.g., 
Campello 2003). In our context, the lagged dependent 
variable incorporates effects of the prior R&D spending and 
voluntary disclosures (and other variables) that can affect 
sales growth in the current period. Thus, if after incorporat- 
ing the lagged dependent variable we find effects of R&D 
spending and voluntary disclosure flows, this would pro- 
vide stronger evidence that these flows serve as signals of 
product quality. We find that our results remain substan- 
tively unchanged when the lagged dependent variable is 
included in the model, thus providing further evidence of 
the signaling effect of flow signals. | 


Discussion . 


Contributions 

A distinguishing feature of this study is its focus on start- 
ups. They are an important growth engine for the U.S. econ- 
omy (Huyghebaert et al. 2000; Timmons 1999). Despite 
this, there have been relatively few investigations of market- 
ing issues that have confronted start-ups. The current study 
addresses a particularly difficult issue that start-ups face— 
namely, the acquisition of customers and growing sales. It 
contributes to the market signaling literature in four 
respects. 

First, the study identifies and investigates a new form of 
signals—flow signals. Flow signals incorporate a temporal 
dimension that distinguishes them from market signals 
investigated to date (e.g., Kirmani and Rao 2000; Rao, Qu, 
and Ruekert 1999; Soberman 2003). Second, the study 
draws from different streams of literature in marketing, eco- 
nomics, and finance (e.g., Ariely 1998; Bloomfield and 
Hales 2002; Cogley and Nason 1995) to identify three prop- 
erties of flow signals—displacement, propensity, and rever- 
sals of flows—and empirically investigates their effects on 
a start-up's sales growth. Third, it employs a novel panel 
data set that spans a five-year period that includes U.S. 
venture-backed firms that went public during 2001—2005 
and have organizational customers. This is in contrast to 
research over the past several decades, which has typically 
investigated the role of market signals in a consumer buying 
context (Akerlof 1970; Boulding and Kirmani 1993; Wern- 
erfelt 1988). Fourth, it empirically shows that each of the 
flow signal properties we investigated is related to a start- 
up's sales growth, even after we control for several point 
signals discussed in the literature to date, cumulative R&D 
spending, and flow signals based on PPE investments. In 
addition, it provides empirical evidence that the effect of 
market signals is stronger for the younger start-ups. 


Implications 


The study's findings have clear implications for managers 
of start-ups in business-to-business markets. The findings 
suggest that prospective customers pay attention to a start- 
up's pattern of behavior over time and do so to a greater 
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extent when considering a start-up that is relatively young. 
This suggests that start-ups, especially younger start-ups, 
need to be aware of the impact of their behavioral patterns 
over time, especially those that are visible to prospective 
customers and serve as signals of product quality. 

Start-up managers should be cognizant of the different 
properties of flow signals to which customers are likely to 
pay attention. Our findings suggest that customers use all 
three properties of a start-up's R&D spending to form per- 
ceptions of product quality. As such, a start-up manager 
should pay attention to the magnitude of its R&D spending 
increases over time, the general tendency of spending more 
over time, and the consistency with which spending is 
increased over time. With regard to voluntary disclosure, 
customers appear to infer product quality from a start-up's 
magnitude of increases in disclosure over time and the gen- 
eral tendency to increase disclosures over time but not from 
the consistency with which disclosures are increased. 


Limitations and Further Research 


The results we report in this research—that flow signals are 
related to start-up sales growth—are consistent with the 
proposition that customers rely on flow signals as indicators 
of a start-up’s product quality. Although the “real-world” 
setting of this study provides confidence in the generaliza- 
bility of the findings, we do not test the proposition directly 
in the study; rather, we test the implications of the proposi- 
tion for start-up sales growth. Given that our data do not 
allow for direct testing of the relationship between flow sig- 
nal properties and customer perceptions of product quality, 
we rely on theoretical arguments and additional empirical 
analyses to provide support for our position as follows. 

First, we find statistically significant effects of R&D 
flow signal properties even after we incorporate cumulative 
R&D (that leads to bigger and better product lines) as a 
control variable in our model. This suggests that R&D 
spending flows affect sales growth because of their signal- 
ing effect on customers. Second, the lack of statistically sig- 
nificant relationships for the flow signal properties based on 
PPE support the notion that customers view flows as signals 
of product quality rather than staying power, as we dis- 
cussed previously. Finally, our finding that the effects of 
R&D and voluntary disclosure flows on sales growth are 
stronger for the younger start-ups is consistent with the sig- 
naling explanation (as opposed to the bigger-and-better- 
product-lines explanation) of the relationships between 
flows signals and sales growth. 

In future studies, it would be useful to test directly for 
the effects of flow signal properties on a customer’s percep- 
tion of product quality and purchase likelihood. For exam- 
ple, further research could use experimental designs that 
manipulate a firm’s flow signal properties and ask partici- 
pants for inferences about product quality and purchase 
likelihoods. Another possibility is to use research designs 
that involve conjoint analyses with the objective of deter- 
mining partworths of the different flow signal properties. 

Experimental designs are also likely to be useful in bet- 
ter establishing the inferences customers make from flow 
signal properties. For example, we argue that a higher R&D 
displacement signals higher product quality. This is justifi- 


able in the context of our study with start-up firms. How- 
ever, it is also possible that customers view a higher R&D 
displacement as a signal that a firm should invest more in 
R&D (i.e., does not have high-quality products). It would 
be worthwhile to identify conditions that influence the 
inferences customers make from flow signals. By the same 
token, however, a major strength of the study is that it is one 
of few to use real-world data and thus provides confidence 
in the external validity of the findings. 

It is likely that R&D spending serves as a signal for 
more than just product quality. First, in the context of start- 
ups, product quality may mean physical product quality as 
well as innovativeness of the product (i.e., overall value). 
Therefore, it may be useful to study these two components 
of value separately in further research. Second, R&D 
spending may signal more efficient processes and opera- 
tions. À firm with more efficient operations is likely to have 
lower costs and may pass on these savings to customers in 
the form of lower prices. Thus, it is plausible that greater 
R&D spending signals greater value (i.e., worth — price) to 
a customer. However, the firm can also choose not to offer 
lower prices to customers and retain its savings as addi- 
tional profits for itself. It would be useful to investigate 
empirically the role of R&D spending in signaling value to 
prospective customers and the conditions under which it 
does or does not do so. 

Similarly, it is possible that voluntary disclosure serves 
as a signal for more than just product quality. Voluntary dis- 
closures signal transparency that customers are likely to 
interpret as an indication of their honesty and trustworthi- 
ness. Thus, it is likely that a customer can make inferences 
about the vendor quality in addition to, or in lieu of, infer- 
ences about product quality. This warrants further 
investigation. 


The measure of voluntary disclosures in the current 
study potentially includes announcements of new product 
launches. It may be useful to exclude these announcements 
in future studies to better isolate the signaling effect of vol- 
untary disclosures on sales growth. 

Further research should also investigate the effect of 
flow signals under a variety of conditions pertaining to 
products, customers, and contexts. In particular, it would be 
worthwhile to investigate different contingencies that are 
likely to increase the risk associated with a purchase and, 
thus, the desire to reduce uncertainty. For example, it would 
be useful to study the effects of flow signals on purchases of 
goods versus services, durables versus nondurables (see 
Choi 2001), experience versus credence goods, and so on. 
Similarly, it would be useful to investigate the role of cus- 
tomer expertise and experience, the centrality of a purchase 
for a customer, the level of supplier dependence created by 
a purchase, decision-making time pressure, and so on. 

At a more fundamental level, there is a need to study 
additional types of signals. As we mentioned previously, 
market signals include economic, social, and status signals. 
In this study, we investigate the role of flow signals based 
on economic point signals (R&D spending and voluntary 
disclosures). Further research could focus on social or sta- 
tus signals, such as venture capital prominence or joint 
venture/alliance partner prestige, and investigate the role of 
their corresponding flow signals as potential influences on 
sales growth. Similarly, the current study investigates three 
properties of flow signals (displacement, propensity, and 
reversals). It would be instructive to delineate and investi- 
gate additional properties of flow signals in further 
research. | 
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Xueming Luo 


When Marketing Strategy First Meets 
Wall Street: Marketing Spendings 
and Firms' Initial Public Offerings 


This article examines the role of marketing in the context of initial public offerings (IPOs), a neglected issue in the 
extant literature. The results from a large-scale, cross-industry study indicate that firms' pre-IPO marketing 
spendings help reduce IPO underpricing and boost IPO trading in the stock market. The econometric models also 
suggest that these effects are heterogeneous; that is, they are more salient for firms with higher cost reduction 
efficiency and in markets with a smaller number of historical IPOs. With regard to theory, this research ushers in a 
greenfield of IPOs, helping build more powerful theories of market-based assets and customer equity. With regard 
to practice, it builds the case for not cutting marketing before an IPO. Prudent investors may be better able to pick 
"star" IPOs if they can track pre-IPO marketing spendings and model firm cost reduction efficiency simultaneously. 
Overall, this article offers fresh implications for the marketing-finance interface, uncovering brand-new IPO-based 
reasons that marketing can help create shareholder value. 


Keywords: marketing strategy, initial public offering, marketing-finance interface, efficiency, customer equity 


value? Recent research on the marketing-finance 

interface has shown that marketing spendings (i.e., 
expenses in communications, market research, advertising, 
and other marketing efforts) matter financially after firm 
stocks are traded publicly (e.g., Joshi and Hanssens 2008; 
Luo 2008; McAlister, Srinivasan, and Kim 2007; Mizik and 
Jacobson 2008). This article examines this issue rather dif- 
ferently and in an innovative way. It addresses the value of 
marketing spendings when "marketing strategy first meets 
Wall Street"—that is, at the time firm stocks first become 
traded publicly in the context of initial public offerings 
(IPOs). 

This study examines the IPO market because of its eco- 
nomic importance. The IPO event empowers a company to 
offer its stocks to public investors for the first time through 
financial markets, such as the American Stock Exchange 
(AMEX), NASDAQ, and the New York Stock Exchange 
(NYSE). For most firms, the IPO is a critical milestone. It 
can raise a substantial amount of cash, which helps finance 
valuable projects. For example, Heelys (an innovative firm 
offering sneaker shoes with removable wheels to children 
between the ages of 6 and 14) recently had a hot, successful 
IPO, which helped the firm hire more talented employees to 
upgrade the company. As the finance literature notes, the 
IPO oftentimes represents wealth, recognition, and news- 


Н: can marketing help create firm shareholder 
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stand fame (Brau and Fawcett 2006; Ritter and Welch 
2002). 

Indeed, according to the popular trade press, IPO firms 
have been identified as growth engines of the U.S. econ- 
omy, amassing $43 billion in 2006 and $34 billion in 2005 
on the comeback trail after garnering $97 billion in 2000, 
the highest level in history. The IPO is popular not merely 
in the United States but also in China (Ше world's largest 
IPO ever at China's ICBC bank raised $22 billion in 2006) 
and India (in 2007, more than 150 companies were 
expected to generate $10 billion, for another record- 
breaking IPO season) (Ghosh 2007; Gimbel and Kate 2006; 
The Wall Street Journal 2007). 

Therefore, given its economic importance, the IPO 
offers a good setting to test the value relevance of marketing 
spendings.! However, to date, there does not appear to be 
any published research that has focused on IPOs in the 
marketing literature, perhaps because its properties are 
grounded in finance. In addition, the possible association 
between pre-IPO marketing spendings and investor 
responses to IPOs has not been addressed in either the mar- 
keting or the finance literature. 

Against this backdrop, the current study investigates the 
following questions: Do firms' pre-IPO marketing spend- 
ings have a significant impact on investor responses to 
IPOs, such as underpricing and trading? and Is this impact 
heterogeneous across firm and market situations? Accord- 
ing to the theories of market-based assets (Srivastava, Sher- 
vani, and Fahey 1998) and customer equity (Rust et al. 





1 focuses on firms’ pre-IPO marketing spendings (firm market- 
ing expenses before IPOs) and their direct and moderated effects, 
This article does not examine investment bankers' efforts to mar- 
ket (make the public aware of) the IPOs. 
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2004), successful marketing actions may help generate 
valuable assets (e.g., strong brands, loyal customers and 
channel partners, attractive price premiums, useful defense 
against new entrants), leading to superior future cash flows 
with a healthier financial outlook. If so, pre-IPO marketing 
spendings may help provide information about the true 
value of the firm and reduce the information asymmetry in 
IPOs, thus likely influencing investor responses to IPOs. 
This study finds some support for these ideas with a unique 
data set of IPOs over the 1996-2005 period. The data analy- 
sis results based on robust econometric models suggest that 
pre-IPO marketing spendings indeed help reduce IPO 
underpricing and boost IPO trading. In addition, these 
effects are neither simple nor unconditional. Rather, they 
tend to change, depending on the micro, firm-level variable 
of cost reduction efficiency and the macro, industry-level 
factor of the number of historical IPOs. 

These findings are important and refreshing. First, theo- 
retically, given the current hot-button research themes that 
have focused solely on the value of marketing after IPOs, it 
is useful to understand whether pre-IPO marketing affects 
investor reactions to newly minted stocks (a neglected issue 
in the extant literature). In so doing, research on the 
marketing-finance interface can build more powerful 
theories of market-based assets and customer equity in 
terms of the value relevance of marketing both before and 
after IPOs. For example, fostering market-based assets 
through pre-IPO marketing spendings can help reduce the 
uncertainty and volatility of IPOs insofar as company fun- 
damentals are boosted. Second, methodologically, the 
econometric models realistically acknowledge that not all 
firms are equal with respect to the IPO implications of mar- 
keting. The modeled heterogeneous effects suggest that, 
coupled with better cost reduction efficiency, firms' pre-IPO 
marketing spendings tend to have a more salient impact on 
investor responses to IPOs (firms get "more bang for their 
buck" from their marketing expenses). Thus, prudent 


investors may be better able to pick "star" IPOs if they can 
track pre-IPO marketing spendings and model firm cost 
reduction efficiency simultaneously. Third, practically, this 
article builds the case for top executives not to cut market- 
ing before an IPO. Without a serious commitment in mar- 
keting instruments before IPOs, the chance is high for 
investors to downgrade the financial potential of the firm. In 
contrast, firms building market-based assets with a track 
record of pre-IPO marketing instruments may attract the 
eye of investors and cultivate more successful IPOs. Over- 
all, this work enables academics and practitioners to appre- 
ciate the brand-new, IPO-based reasons that marketing can 
help create shareholder value. 


Theory and Hypotheses 
This section develops the theoretical framework. Because 
IPOs seem new to the marketing literature, the IPO metrics 
of interest to this study are defined. Then, market-based 
asset and customer equity theories are drawn on to posit 
that pre-IPO marketing spendings influence IPO underpric- 
ing and trading. 


IPOs 


Although to date there has been no prior marketing research 
focusing on IPOs, great effort has been made to understand 
the nature and advantages of IPOs in the finance literature 
(Brau and Fawcett 2006, p. 399; Ritter and Welch 2002, p. 
1796). Table 1 reports a glossary of IPO-related concepts 
and definitions. 

Essentially, the finance literature suggests that IPOs 
involve a strategic movement from private to public owner- 
ship. The IPO can offer many advantages to the firm. For 
example, at the time of the IPO, a firm typically obtains a 
large amount of cash. This enables the firm to have access 
to investment capital from a large pool of institutional and 
individual public investors (e.g., Fama and French 2004; 


TABLE 1 
A Glossary of IPO-Related Concepts and Definitions 


Concepts Definitions Sample Prior Finance Work 
IPOs The first day a firm’s stocks are publicly traded in AMEX, NASDAQ, Brau and Fawcett 2006; 
and NYSE. Lowry and Murphy 2007 


IPO underpricing 


The extent to which stocks close at a price higher than thelr IPO 
price on the first trading day In financial markets; the larger the 


Loughran and Ritter 2004; 
Lowry and Murphy 2007 


closing prices compared with the Initial offering prices, the more the 
stock is underpriced and the more money is left on the table. 


The number of shares traded compared with the total number of 
shares avallable on the first day when the stock is newly listed in 


Bradley, Jordon, and Ritter 
2003; Lowry and Murphy 


financia! markets; higher IPO trading Indicates stimulated interest in 2007 
and pent-up demand for the stock at the time of the IPO, resulting In 


Whether the quality underwriter is top-tier and prestigious; there 15 
less uncertainty if IPO values are certified by a prestiglous 


Carter and Manaster 1990; 
Lowry and Murphy 2007 


IPO trading 
a liquid market for a firm's stock. 
A prestigious 
underwriter of the 
IPO . underwriter. 
Venture-capital 


backing of the IPO 


Whether the firm uses venture-capital financing before IPOs; venture 


Lowry and Murphy 2007; 


capitalist can help certify the value of an IPO. 


Megglnson and Welss 1991 


When Marketing Strategy First Meets Wall Street / 99 


Welch 1989). In addition, the IPO can increase the firm's 
public recognition, visibility, and reputation among the 
financial community on Wall Street, all of which are non- 
trivial for the firm's long-term success (Cook, Kieschnick, 
and Van Ness 2006; Lowry and Murphy 2007). Further- 
more, the IPO can help the firm establish a more rigorous 
corporate governance structure based on guidelines from 
the Securities and Exchange Commission. Indeed, a suc- 
cessful IPO creates public shares for merger and acquisi- 
tions, reduces firms' cost of capital in equity markets, and 
generates financial analyst following (Loughran and Ritter 
2002, 2004). (For a comprehensive review of more than 126 
IPO studies, see Ritter and Welch [2002]; for a recent sur- 
vey of 336 financial experts’ views of IPOs, see Brau and 
Fawcett [2006].) 


IPO Underpricing and Trading 


This study examines two metrics that measure investor 
responses to IPOs: underpricing and trading. First, IPO 
underpricing is the extent to which stocks close at a price 
higher than their initial offering price on the first trading 
day in financial markets (Lowry and Murphy 2007; Ritter 
and Welch 2002). The larger the gap between closing prices 
and the IPO prices, the more the stock is underpriced. When 
a stock is underpriced in the IPO, management has essen- 
tially “left money on the table"? That is, additional gains 
have been lost that would have been received had the initial 
offer price more accurately reflected the true value of the 
firm. In this sense, IPO underpricing is a risk premium in 
the form of a discounted price to compensate for the uncer- 
tainty of the true firm value in the minds of investors (Brau 
and Fawcett 2006; Loughran and Ritter 2002). 

Second, IPO trading is the number of shares traded rela- 
tive to the total number of shares available on the first day 
when stocks are newly listed in financial markets (Bradley, 
Jordon, and Ritter 2003; Cook, Kieschnick, and Van Ness 
2006). Lower IPO trading means that there is little interest 
for a stock at the time of its IPO. In contrast, higher IPO 
trading indicates stimulated interest in and pent-up demand 
for the stock, resulting in a more liquid market for the firm’s 
stock at the time of its IPO. Thus, higher IPO trading vol- 
ume suggests boosted comfort for institutional and individ- 
ual investors to buy and hold equity of the firm’s stocks on 
the first trading day (Demers and Joos 2007; Welch 1989). 

Prior finance literature has paid a great deal of attention 
to explaining IPO underpricing and trading. Although there 
are many different views that account for investor responses 
to IPOs (Loughran and Ritter 2002, 2004), an enduring one 
is Rock’s (1986) information asymmetry theory. According 
to this theory, there is an information asymmetry between 
the issuing firms and the investors. Unlike the issuing firms, 
which have more complete information, investors often lack 





?The amount of money left on the table in IPO underpricing can 
be economically large. For example, in 2004, Google left $300 
million on the table in its IPO (http://bear.cba.ufl.edu/ntter). The 
recent debut of the Chinese IPO Baidu also left a huge amount of 
money on the table ($400 million), with an underpricing of 350%. 
Although it may be deliberate given the uncertain value of IPOs, 
IPO underpricing is risky because the stock could plummet in 
coming weeks and months (Ritter and Welch 2002). 
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full knowledge about the true value of the firms when par- 
ticipating in IPO markets. Thus, given the information 
asymmetry and uncertainty of the true value of the newly 
listed stocks, firms and underwriters provide a premium in 
the form of a discounted price (or underpriced IPOs) to 
attract investors and compensate them for the uncertainty/ 
risk of investing in IPOs. In general, the higher the informa- 
tional asymmetry related to assessing the true value of the 
firms going public, the higher is IPO underpricing, and the 
lower is IPO trading (i.e., less interest in the stock at the 
IPO). 

An important implication of Rock’s (1986) theory is 
that an increase in the information available about the true 
value of the firm before an IPO leads to a decrease in infor- 
mation asymmetry, thus resulting in a drop in IPO under- 
pricing and a rise in IPO trading. Indeed, since Rock’s 
seminal work, financial economists have examined a battery 
of the predictors of IPO underpricing and trading (Bradley, 
Jordon, and Ritter 2003; Carter and Manaster 1990; Cook, 
Kieschnick, and Van Ness 2006). As Lowry and Murphy 
(2007) summarize in their recent model of IPOs, these pre- 
dictors include underwriter prestige, venture-capital back- 
ing, pre-IPO asset size, market returns, and the like. The 
subsequent econometric analyses use this recent model as 
the benchmark model and extend it by proposing pre-IPO 
marketing spendings as an additional predictor of investor 
responses to IPOs, beyond those established in finance. Just 
as the finance literature suggests that venture-capital back- 
ing and a prestigious underwriter can certify the value of an 
IPO (Loughran and Ritter 2002, 2004; Megginson and 
Weiss 1991), it is expected that intangible assets induced by 
marketing spendings can also attest to the true value of 
IPOs and thus affect investor responses to IPOs. Next, addi- 
tional theory-based justification linking pre-IPO marketing 
spendings to IPO underpricing and trading is offered. 


The Impact of Pre-IPO Marketing Spendings on 
IPO Underpricing and Trading 


Why should pre-IPO marketing spendings affect IPO 
underpricing and trading? Two lines of reasoning are 
offered to justify this impact. First, according to the market- 
based asset theory (Srivastava, Shervani, and Fahey 1998), 
long-term asset building requires committed marketing 
spendings on a variety of activities, including communica- 
tions, market research, advertising, and other marketing 
efforts in today's highly competitive marketplace (e.g., 
Joshi and Hanssens 2008; Pauwels et al. 2004). The intangi- 
ble assets fostered by these marketing instruments may help 
provide information about the firm's true value (1.е., a more 
accurate prospect of the level, timing, and volatility of the 
firm's future cash flows). For example, prior research has 
shown that firm advertising and communication spendings 
can "promote product differentiation, distributor loyalty, 
repurchases intention, and price insensitivities that directly 
affect firm sales and profit" (Joshi and Hanssens 2008, р. 9; 
Luo and Donthu 2006), thus increasing and accelerating 
cash flows. Second, marketing spendings may build brand 
equity (Keller and Lehmann 2006) that can "function as 
financial hedging contracts when entering new markets, act 
as a barrier to competition, and serve as a high-quality 


information channel that leads to higher liquidity and 
increased breadth of investor ownership" (McAlister, Srini- 
vasan, and Kim 2007, p. 38), thus reducing the volatility/ 
risk of cash flows for the firm. Without considering these 
financial implications of pre-IPO marketing spendings, the 
value of IPOs would be largely discounted, along with less 
enthusiastic demand for the IPOs. If so, this would increase 
IPO underpricing and decrease IPO trading. Conversely, 
accounting for these financial implications of marketing 
spendings would help more accurately reflect the value of 
the newly listed stocks and generate more enthusiastic 
demand for the IPOs, thus decreasing IPO underpricing and 
increasing IPO trading. 

Indeed, compelling support for the impact of pre-IPO 
marketing spendings on investor responses to IPOs can also 
be gleaned from customer equity theory (Rust et al. 2004; 
see also Gupta, Lehmann, and Stuart 2004). This theory 
holds that satisfied customers with positive word of mouth 
directly affect the level and volatility of firm cash flows 
(Anderson, Fornell, and Mazvancheryl 2004; Gruca and 
Rego 2005; Luo 2008), thus providing information about 
the values of IPOs. To improve customer relationships and 
lifetime value, firms must invest in many marketing areas 
(Mizik and Jacobson 2008; Venkatesan, Kumar, and 
Bohling 2007). Perhaps the negative side is more obvious. 
That is, without successful marketing programs (1.е., due to 
relentless cuts in pre-IPO marketing spendings in develop- 
ing new products and/or supporting current ones), there are 
likely to be more dissatisfied and frustrated customers with 
negative word of mouth, which can lead to diminished cus- 
tomer loyalty, decreased customer lifetime value, lower 
retention rate, and higher ratio of switching to competition 
(Luo 2007). This would provide a lackluster prospect 
regarding the value of and demand for the stocks at IPOs. 

As such, according to the logic of the stock price impli- 
cations of customer equity and market-based assets (Rust et 
al. 2004; Srivastava, Shervani, and Fahey 1998), pre-IPO 
marketing spendings may help provide information about 
the true value of the IPO with reduced information asym- 
metry, leading to a drop of IPO underpricing and a rise in 
IPO trading in equity markets, all else being equal. Thus: 

Н: Ceteris paribus, the higher the firms’ pre-IPO marketing 

expenditures, (a) the lower 1s IPO underpricing 1n equity 
markets, and (b) the higher is IPO trading in equity 
markets. 


In addition to the hypothesized main effects of pre-IPO 
marketing spendings, some moderating effects should be 
considered because not all firms are equal with respect to 
the IPO implications of marketing. It seems naive to assume 
that pre-IPO marketing spendings have unvarying, uncondi- 
tional effects on IPOs. Thus, the impact of pre-IPO market- 
ing spendings on IPO underpricing and trading might be 
more or less salient, depending on some contingencies. Two 
such contingent variables addressed here are (1) micro, 
firm-level cost reduction efficiency and (2) macro, industry- 
level number of historical IPOs. 

Firm cost reduction efficiency refers to an optimally 
weighted ratio of firms’ multiple operating costs to multiple 
sales outputs (Mittal et al. 2005, p. 549). Neoclassical pro- 
duction theory and the resource-based view in economics 


suggest that firms can enhance shareholder wealth in 
competitive markets by operating in the most efficient man- 
ner; that is, they can either maximize the desirable outputs 
given the costs or minimize the required costs given the out- 
puts, when compared with rival firms’ best practices (Caves, 
Christensen, and Diewert 1982; Luo 2004). 

It is expected that firm cost reduction efficiency changes 
the strength of the association between pre-IPO marketing 
spendings and IPO underpricing and trading. In particular, 
efficiently operating companies with lean expenses may get 
more bang for their buck from their marketing expenses 
because these firms may not have reached diminishing 
returns (Anderson, Fornell, and Rust 1997) and because 
superior internal operating capabilities can empower the 
firms to leverage more effectively external market-based 
assets (stronger brand differentiation and less brand switch- 
ing and customer churn) fostered by marketing expendi- 
tures (Joshi and Hanssens 2008; Mizik and Jacobson 2008; 
Srivastava, Shervam, and Fahey 1998). Indeed, firms with 
higher cost reduction efficiency may also benefit more from 
pre-IPO marketing spendings because of the mutual facili- 
tation effects between operating efficiency (reducing costs) 
and marketing expenditures (enhancing revenues), as 
theorized in the “dual emphasis” of a firm toward superior 
financial performance (Mittal et al. 2005; Rust, Moorman, 
Dickson 2002). Therefore, for firms with higher (versus 
lower) cost reduction efficiency, pre-IPO marketing spend- 
ings may better reflect the true value of the IPO stock and 
reduce information asymmetry, having a stronger impact on 
IPO underpricing and trading.3 

The number of historical IPOs may also change the 
strength of the association between pre-IPO marketing 
spendings and IPO underpricing and trading. In the finance 
literature, it is noted that the number of IPOs is not constant 
across industries but rather fluctuates with both stronger or 
more exuberant and weaker or less exuberant market condi- 
tions (Derrien 2005; Loughran and Ritter 2002). The larger 
(smaller) the number of historical IPOs in an industry, the 
stronger (weaker) are the macro market conditions for IPOs 
in the industry (Derrien and Womack 2003; Khanna, Noe, 
and Sonti 2008). 

It is expected that the number of historical IPOs intro- 
duces industry-level heterogeneity in the impact of pre-IPO 





3Why is cost reduction efficiency necessary in the moderating 
hypothesis (Н) (pre-IPO marketing spendings х cost reduction 
efficiency)? H, pertains to the effectiveness (doing the right things 
with pre-IPO marketing spendings to obtain good performance in 
terms of investor responses to IPOs), and H; pertains to the effec- 
tiveness and efficiency simultaneously (doing the right things with 
pre-IPO marketing spendings and doing things right simultane- 
ously to obtain better performance). Another way to understand 
this more clearly is to think about the marketing budget issues in 
reality. That is, most marketers often do not have an unlimited 
budget. In the boardroom, they are pressured to save costs and cut 
corners. Thus, the marketing budget is lean and shrinking. Firms 
may need to achieve the same goals with less resources. That cues 
Ву; the more efficient operations would help firms get more bang 
for their buck from their marketing expenses. If supported, Н, 
implies that prudent investors may be better able to pick star IPOs 
insofar as they can track pre-IPO marketing spendings and model 
firm cost reduction efficiency simultaneously. 
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marketing spendings on IPO underpricing and trading. 
Specifically, this impact may be expanded in weaker mar- 
kets with a smaller (versus larger) number of historical 
IPOs. This is because in weaker and less exuberant markets, 
in which investors are not very hungry, it is more important 
to rely on the intangible market-based assets, such as strong 
brands and customer loyalty fostered by marketing expendi- 
tures, to price IPOs more accurately and attract investor 
attention (Derrien and Womack 2003; Loughran and Ritter 
2002; Pollock and Rindova 2003). Indeed, in weaker or 
more “sleepy” markets with a smaller number of IPOs, pre- 
IPO marketing spendings may more clearly "light up the 
gloom" and boost the prospect of fundamentals of IPOs 
(1.е., raised level and lower volatility of cash flows due to 
customer and brand equity; see Luo 2008; Rust et al. 2004; 
Srivastava, Shervani, and Fahey 1998), having a stronger 
impact on IPO underpricing and trading. Thus: 
Но: Pre-IPO marketing spendings have a stronger impact on 
(a) IPO underpricing and (b) IPO trading for firms with 
higher (versus lower) cost reduction efficiency. 
Нз: Pre-IPO marketing spendings have a stronger impact on 
(a) ТРО underpricing and (b) IPO trading in markets with 
a smaller (versus larger) number of historical IPOs. 


Models 


This section presents the econometric models employed to 
test the hypotheses. The base model is at the aggregated 
level. To uncover more nuanced effects of pre-IPO market- 
ing spendings across firms and industries, a disaggregated 
model is introduced. This advanced, disaggregated model 
accounts for both observed and unobserved heterogeneity in 
the IPO implications of marketing spendings. 

This approach directly builds on Lowry and Murphy's 
(2007) model from the finance literature, which controls for 
established finance predictors, such as pre-IPO assets or 
firm size, a prestigious underwriter, venture-capital back- 
ing, and lagged market returns (details are discussed subse- 
quently). Along with these controls, the model put forth 
here adds firm age, cost reduction efficiency, year dummies, 
and the number of historical IPOs. 


Basellne Aggregated Model 
The baseline aggregated-level model is specified as follows: 
(1) ТРО; = & + 5;Marketing spendings, 
+ Marketing spendings, x Cost reduction efficiency); 
+ €3Marketing spendings, x Number of historical IPOs, 
+ Eourois Controls; + £1, 
where i = firm, j = industry, and ТРО = IPO underpricing or 
trading. 


Disaggregated Model 


At the disaggregated level, a hierarchical linear regression 
model (HLM) is used. More specifically, at Level 1 of this 
HLM approach, the within-industry model is as follows 
(Raudenbush and Bryk 2002): 
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(2) ТРО; = Yo, + Wy Marketing spendings;, 
+ Wo,Marketing spendings, x Cost reduction efficiency, 
+ Weontrols Controls, + 22, 


where FControls include firm-level controls, such as pre- 
IPO assets, a prestigious underwriter, venture-capital back- 
ing, and firm age. Year dummies are also entered to accom- 
modate the fixed effects of different periods over the 1996— 
2005 span. The Level 1 within-industry model captures the 
heterogeneous effects of pre-IPO marketing spendings with 
the moderating role of firm cost reduction efficiency. 

At Level 2, the between-industry model allows the 
intercept and coefficients of Level 1 to vary across industry- 
level factors, such as the number of historical IPOs, and 
other controls (OControls), such as lagged market returns. 
In this way, the Level 2 between-industry model accommo- 
dates unobserved heterogeneity in the effects of pre-IPO 
marketing spendings on investor responses to IPOs: 


(3) Wo, = Too + tg Number of historical IPOs, 
+ TeontrolsOControls, + Too» 


Wiy = Tio + Л] jNumber of historical IPOs, 


+ Teeontrols Controls; + Troy 


V2, = пор + по Number of historical IPOs, 
+ оогон Controls, + 790). 


Data 


To estimate the proposed models, a data set based on multi- 
ple sources was assembled. Data on IPOs were collected 
from the Securities Data Corporation (SDC) Platinum New 
Issues database. Data were collected on approximately 
3840 new IPOs in the period between January 1, 1996, and 
December 31, 2005, from the SDC source. In line with 
appropriate guidelines from the finance literature (Lowry 
and Murphy 2007; Ritter and Welch 2002), IPO data that 
were related to closed-end funds, spin-offs, reverse lever- 
aged buyouts, real estate investment trust, unit offerings, 
American Depositary Receipts, demutualizations of insur- 
ance companies and savings banks, firms with an IPO offer 
price below $5, and IPOs with total proceeds less than $5 
million were eliminated. Then, IPO data were matched with 
COMPUSTAT and the Center for Research in Security 
Prices (CRSP) sources, and IPOs with missing data on mar- 
keting spendings and cost reduction efficiency were deleted 
(Mittal et al. 2005; Mizik and Jacobson 2007; Rao, Agar- 
wal, and Dahlhoff 2004). This merging process led to a final 
sample of 1981 IPOs in the data analyses. Figure 1 presents 
a plot of the studied IPOs across the sample years. 


Investor Responses to IPOs 


Underpricing of IPOs (ТРОЈ) is calculated as the difference 
(in percentage) between the IPO closing price and the initial 
offering price on the first trading day: 


-P 
(4) IPOU = 100 x d 
P nitat 


where Peng is the closing price at the end of the first trading 
day and Рау is the IPO initial offering price. 

Trading of IPOs (IPOT) is calculated as the ratio (in 
percentage) of the trading volume to the total number of 
shares available on the first day when stocks are newly 
listed in financial markets: 


(5) IPOT = 100 x (ima) 
S offered 


where Sadeg is the shares traded in stock exchanges during 
the first day of trading and Зопегеа is the shares offered in 
the IPO. Both IPOU and IPOT are derived from the SDC 
and CRSP databases. Table 2 reports summary statistics for 
the variables. 


Marketing Spendings 
Data for pre-IPO marketing spendings were collected from 
COMPUSTAT. Whenever possible, data were also filled in 
with company annual reports and Compact Disclosure. 

In line with Mizik and Jacobson’s (2007, p. 367) 
approach, marketing spendings were calculated one year 
before the IPOs for each firm as follows: 


(6) Pre-IPO marketing spendings = 100 


x SG&A _ Expense — R&D _ Expense 
Total, Assets ; 


where SG&A Expense is selling and general administrative 
expenses one year before the IPO and R&D Expense is the 
research-and-development expenses one year before the 
IPO. 

There are several reasons for using SG&A – R&D 
expenses one year before IPOs scaled by total assets as a 


FIGURE 1 
Plot of IPOs Across the Sample Years (January 1, 1996-December 31, 2005) 














; TABLE 2 

Summary Statistics of Variables 
Variables Data Source M SD 
IPO underpricing (IPOU) SDC Platinum, CRSP 20.981 23.376 
IPO trading (IPOT) SDC Platinum, CRSP 63.052 38.683 
Pre-IPO marketing spendings COMPUSTAT .235 .127 
Firm cost reduction efficiency COMPUSTAT .495 .361 
The number of historical IPOs SDC Platinum 23.487 11.132 
Firm age COMPUSTAT 2.746 2.258 
Pre-IPO asset (in millions of dollars) COMPUSTAT, Compact Disclosure 439.911 529.453 
A prestigious underwriter SDC Platinum .735 .328 
Venture-capltal backing SDC Platinum .607 .466 
Lagged market retum CHSP 1.376 5.679 
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proxy for measuring pre-IPO marketing spendings. First, 
several prior studies in the literature have used SG&A to 
measure the stock of marketing spendings (e.g., Dutta, 
Narasimhan, and Rajiv 1999; Mizik and Jacobson 2007). 
Specifically, Dutta, Narasimhan, and Rajiv (1999, p. 556) 
argue that SG&A is “а good proxy for the amount the firm 
spends on its market research, sales effort, trade promotion 
expenses, and other related activities" Thus, the proxy is 
grounded in the marketing science literature. Second, to be 
more precise, R&D expenses are parceled out from the raw 
SG&A one year before IPOs. In this way, it is possible to 
derive a measure that is more closely related to pre-IPO 
marketing spendings than the raw SG&A; this is in line 
with Mizik and Jacobson's (2007) recent empirical study. 
Third, theoretically, the SG&A — R&D expenses one year 
before IPOs may be more appropriate than a single market- 
ing spending item (e.g., advertising) one year before IPOs 
because the former (but not the latter) includes a multitude 
of pre-IPO marketing spending items, such as market 
research, trade promotion, communications, and other mar- 
keting instruments (Mizik and Jacobson 2007), all of which 
may provide information about the true value of IPOs and 
thus are likely to affect investor responses to IPOs. In other 
words, without considering the multitude of pre-IPO mar- 
keting spending items, subsequent empirical analyses 
would be narrower and less powerful and thus would not 
reveal the full strategic importance of marketing spendings 
in IPOs. Finally, the results are checked by conducting more 
sensitivity analyses. That is, the single item of advertising 
spending one year before IPOs is also used as an alternative 
proxy. This alternative measure of pre-IPO marketing 
spendings yields results consistent with those reported sub- 
sequently. Therefore, on the basis of the theoretical and 
empirical support, SG&A – R&D expenses one year before 
IPOs scaled by total assets is a reasonable proxy for mea- 
suring pre-IPO marketing spendings (though it is not the 
ideal or perfect proxy, as noted in the “Limitations and Fur- 
ther Research” section). 


Cost Reduction Efficlency 


Cost reduction efficiency was measured with the data envel- 
opment analysis (DEA) approach. This approach is a 
mathematical programming technique that measures the 
optimally weighted relative efficiency of a firm in convert- 
ing multiple inputs into multiple outputs (Banker, Charnes, 
and Cooper 1984; Charnes, Cooper, and Rhodes 1978). The 
main advantages of the nonparametric DEA approach are 
(1) it compares the best practices of rival firms and (2) it 
does not assume any subjective relationship between inputs 
and outputs (Luo 2004). 

As in the work of Mittal and colleagues (2005, p. 549), 
firm cost reduction efficiency was modeled with four 
inputs: number of employees (EMP), the cost of the goods 
sold (COG), advertising expenses (ADV), and the selling 
and general expenses (SG&A). The outputs are sales (SLS) 
and sales growth (SLG). Data for all inputs and outputs 
were collected from COMPUSTAT, and advertising data 
were also based on the Competitive Media Reporting data- 
base (Luo and Donthu 2006; Rao, Agarwal, and Dahloff 
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2004). The mathematical programming model for estimat- 
ing firm cost reduction efficiency is as follows: 


(7) Cost reduction efficiency = 100 Max ф, 


o;SLS; + 0,516, 


Max ф = аа 
$ w,EMP, + w,COG, + w,ADV, + w,SG&A, 


0,SLS, + 0,510, 


subject to 
w EMP, + w,COG, + w3ADV, + W4SG&A, 


51, 


where К = 1,2, ..., n, and О], 02, W], W2, W3, W4 2 0. 

The objective of this programming model is to maxi- 
mize cost reduction efficiency for each company by fitting 
the data with different weights for outputs (оу and 05) and 
inputs (w;, W2, W3, and w4).4 In the data set, the mean of 
firm cost reduction efficiency was .495 (SD = .361), as 
reported in Table 2. 


The Number of Historical IPOs and Control 
Variables 


Data for the number of historical IPOs were from the SDC 
source. This variable is the recorded number of IPOs in the 
same industry in the preceding year (Brau and Fawcett 
2006; Derrien 2005; Loughran and Ritter 2002). 

Data were also collected for the control variables, such 
as pre-IPO assets, a prestigious underwriter, venture-capital 
backing, and lagged market returns (Lowry and Murphy 
2007). Specifically, pre-IPO assets were measured as the 
natural log of the book value of total asset one year before 
the IPO from COMPUSTAT. Because larger firms tend to 
offer more information with lower information asymmetry 
(Chemmanura and Paeglis 2005; Ritter and Welch 2002), 
pre-IPO assets may reduce IPO underpricing and increase 
IPO trading. 

The prestigious underwriter variable was measured with 
a dummy variable (1 if the firm’s IPO involves a prestigious 
underwriter, and 0 if otherwise) based on the quality of 
underwriters from Compact Disclosure database, which was 
constructed by Carter and Manaster (1990) and is updated 
by Loughran and Ritter (2004). Because there is less 
uncertainty/risk if IPO values are certified by a prestigious 
underwriter, the presence of a prestigious underwriter is 
likely to reduce IPO underpricing and increase IPO trading. 

Venture-capital backing was gauged with a dummy 
variable (1 if the firm used venture-capital financing before 
its IPO, and 0 if otherwise) from SDC database. Because 
venture capitalists can also certify the value of an IPO, it 
may decrease information asymmetry and thus reduce IPO 
underpricing and increase IPO trading (Bradley, Jordon, 
and Ritter 2003; Megginson and Weiss 1991). 





4Per an anonymous reviewer, sensitivity checks were also con- 
ducted with more advanced DEA models. More specifically, the 
context-dependent DEA models were employed, which allow the 
production function frontier to vary across different industries 
(Luo 2004). Analyses showed that the additional efficiency results 
from this more advanced DEA approach largely converge with the 
results reported (i.e., correlation r = .908, p < .01). 


Finally, lagged market returns were measured by the 
compounded equally weighted market return (from CRSP) 
of NYSE/AMEX over the previous 15 trading days before 
the IPO. The finance literature seems to conclude that pre- 
IPO overall stock market returns have a positive relation- 
ship to IPO underpricing and a negative relationsbip to IPO 
trading (Cook, Kieschnick, and Van Ness 2006; Demers and 
Lewellen 2003; Lowry and Murphy 2007). 


Results 


Hypotheses-Testing Results 


На and Hy, predicted that pre-IPO marketing spendings 
affect investor responses to IPOs such as underpricing and 
trading. The results on JPO underpricing appear in Table 3, 
and those on IPO trading appear in Table 4. As Model 1 in 
Table 3 shows, the HLM results lend support for the predic- 
tion; pre-IPO marketing spendings are indeed significantly 
and negatively related to IPO underpricing (b = —2.872, р < 
.05). 


In addition, as Model 3 in Table 4 shows, pre-IPO mar- 
keting spendings are significantly and positively related to 
ТРО trading (b = 7.119, p « .01). Consequently, the data 
support H,, and Hj); the higher the firms’ pre-IPO market- 
ing spendings, the lower is the IPO underpricing, and the 
higher is IPO trading in financial markets. 

Hj, and Нь predicted that firms’ pre-IPO marketing 
spendings have a stronger impact on investor responses to 
IPOs for firms with higher cost reduction efficiency. А$ 
Model 2 in Table 3 shows; because the interaction between 
pre-IPO marketing spendings and cost reduction efficiency 
is negative and significant (MS x CE: b = —1.013, р < .10) 
in affecting IPO underpricing, cost reduction efficiency 
increases the negative main effects of pre-IPO marketing 
spendings on IPO underpricing. In other words, pre-IPO 
marketing spendings indeed have a stronger negative impact 
on IPO underpricing in firms with higher cost reduction 
efficiency than in firms with lower cost reduction efficiency, 
as expected. 

In addition, as Model 4-in Táble 4 shows, because the 
interaction between pre-IPO marketing spendings and cost 











Notes: n.s = not significant 


TABLE 3 
Results of the Impact of Pre-IPO Marketing Spendings on IPO Underpricing 
Model 1 Model 2 

Variables Hypothesis Coefficient p-Value Coefficient — p-Value Conclusion 
Pre-IPO asset –3.038 i —3.212 aua 
A prestigious underwriter —.065 d —.068` =" 
Venture-capital backing —.012 n.s —.011 n.s. 
Lagged market return 3.266 ae 3.259 is 
Firm age —.008 n.s —.004 П.5, 
Рге-ІРО marketing spendings (MS) Hie —2.872 ui —2.918 ыы Н.а ls supported 
Firm cost reduction efficlency (CE) —.295 15 
The number of historical IPOs (NH) —.062 n.s.” 
MS x CE Hoa —1.013 pi Ho, Is supported 
MS x NH Hag .095 b Hag ls supported 
гр « 10 
**р< 05 
“p< 01. 
Notes: n.s. = not significant. 

TABLE 4 

Results of the Impact of Pre-IPO Marketing Spendings on IPO Trading 

Model 3 Model 4 
Variables Hypothesis Coefficient p-Value Coefficient p-Value Conclusion 
Pre-IPO asset 11.275 239 13.090 уа 
A prestigious underwriter .218 d 172 i 
Venture-capital backing —.009 n.s. —.007 n.s. 
Lagged market return —1.553 n.s. —1.207 n.s. 
Firm age .011 n.s. .016 ig 
Pre-IPO marketing spendings (MS) Hip 7.119 va 7.308 cl Нађ $ supported 
Firm cost reduction efficlency (CE) 1.142 5 
The number of historlcal IPOs (NH) .207 n.s. 
MS x CE Hop 3.288 т^. Hæ is supported 
MS x NH Hap —.316 n.s Hə is not supported 
*p« ЛО 
**p « 05. 
“p< .01. 
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reduction efficiency is positive and significant (MS x CE: 
b = 3.288, p < .05) in affecting IPO trading, cost reduction 
efficiency tends to increase the positive main effects of pre- 
IPO marketing spendings on IPO trading. That is, pre-IPO 
marketing spendings indeed have a stronger positive impact 
on IPO trading in firms with higher cost reduction effi- 
ciency, as predicted. Thus, overall, the data support Н, and 
H.5 

H3, and H3, predicted that pre-IPO marketing spendings 
have a stronger impact on investor responses to IPOs in 
markets with fewer historical IPOs. As Model 2 in Table 3 
shows, because the interaction between pre-IPO marketing 
spendings and the number of historical IPOs is positive 
(MS x NH: b = .095, p < .10) in affecting IPO underpricing, 
the number of historical IPOs tends to reduce the negative 
main effects of pre-IPO marketing spendings on IPO under- 
pricing, in support of H3,. Conversely, this means that pre- 
IPO marketing spendings have a stronger impact on IPO 
underpricing in markets with a smaller (versus larger) num- 
ber of historical IPOs. 

However, the results in Model 4 in Table 4 do not sug- 
gest a statistically significant interaction between the num- 
ber of historical IPOs and pre-IPO marketing spendings 
(p > .10). Thus, the number of historical IPOs does not sig- 
nificantly moderate the effects of pre-IPO marketing spend- 
ings on IPO trading. Thus, the data do not support Нљ. 


Robustness of Results 


Several additional steps were taken to substantiate the 
robustness of the findings and refine the modeling results. 
For example, there is no evidence that the results are sensi- 
tive to the fixed effects of different periods from 1996 to 
2005, because the time dummies were controlled for in the 
HLM. In addition, because prior finance studies (Bradley, 
Jordon, and Ritter 2003; Lowry and Murphy 2007) find 
some IPO implications of the Internet bust in 2000, the data 
were split into two periods: 1996—2000 and 2001—2005. By 
and large, the sensitivity analysis results consistently sup- 
port the main and moderated effects of pre-IPO marketing 
investment across the subperiods. 

In addition, because the two IPO variables can be 
related (i.e., underpricing may affect the number of shares 
traded at IPO), more analyses were conducted with a simul- 


taneous equations approach— namely, seemingly unrelated | 


regression (SUR). This SUR estimation technique can 
explicitly model the impact of IPO underpricing on trading 
and account for heteroskedasticity and contemporaneous 
correlations in the errors across the equations, when testing 
the effects of pre-IPO marketing spendings on IPO under- 
pricing and trading simultaneously (Luo and Homburg 
2007). The SUR estimation results confirm the positive 
association between IPO underpricing and trading (b = .21, 





5The additional variance explained after entering the mean- 
centered interaction terms was significant statistically (for IPO 
underpricing: AR? = .057, Fag = 14.186, p < .01; for IPO trading: 


AR? = .061, Fg = 17.203, р < .01). Because the highest variance ' 


inflation factor was 3.107 for IPO underpricing and 2.892 for IPO 
trading, both less than 10.0, multicollinearity does not seem to be 
a serious threat to the findings. 
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р < .05), in line with prior research on IPOs (Pollock and 
Rindova 2003). The estimation also yields better fitting sta- 
tistics—that is, with lower Akaike information criterion 
(AIC) and Bayesian information criterion (BIC) (AAIC = 
12.516, ABIC = 12.553). Importantly, and reassuringly, the 
SUR results indicate that pre-IPO marketing spendings 
indeed have a negative impact on IPO underpricing (b = 
—2.853, p < .05) and a positive impact on IPO trading (b = 
6.978, p « .01), adding further empirical evidence for our 
conclusion. 

Furthermore, the impact of the changes of pre-IPO mar- 
keting spendings (both from t — 2 to t — 1 and from t — 1 to 
t) on IPO underpricing and trading was investigated. In all 
cases, there was no evidence to call the results into question 
regarding both the main and the moderating effects of pre- 
IPO marketing spendings. 

Because prior research also suggests that investors often 
have a negativity bias (Kahneman and Tversky 1979), an 
examination was conducted on wbether the IPO implica- 
tions of marketing spending changes were asymmetric. 
Through use of the steps in Mitra and Golder (2006, p. 
235), it was found that drops (negative momentum) in pre- 
IPO marketing spendings over time more significantly (p « 
.05) affected IPO underpricing in magnitude than increases 
(positive momentum) in pre-IPO marketing spendings, in 
support of the negativity bias in the context of IPO equity 
markets. Thus, these findings confirm that drops in market- 
ing spendings before an IPO exert a greater impact on sub- 
sequent investor responses to IPOs. 


Implications and Conclusions 


This article was intended to examine the possible role of 
marketing in the context of IPOs in the stock market. On the 
basis of a sample of 1981 IPOs between January 1, 1996, 
and December 31, 2005, this article shows that pre-IPO 
marketing spendings significantly reduce IPO underpricing 
and boost IPO trading. In addition, these effects are hetero- 
geneous, depending on both micro, firm-level cost reduc- 
tion efficiency and the macro, industry-level factor of the 
number of historical IPOs. These findings offer some impli- 
cations for both theory and practice. 


Implications for Theory 


This research helps extend market-based assets and cus- 
tomer equity theories (Rust et al. 2004; Srivastava, Sher- 
vani, and Fahey 1998). It is the first to uncover evidence for 
the value of marketing spendings in IPO equity markets. 
The results support the proposition that pre-IPO marketing 
spendings affect investor responses to newly launched 
stocks. If the IPO event is a critical milestone representing 
wealth, recognition, and fame, the uncovered IPO benefits 
of marketing spendings are not trivial. More specifically, 
the findings are important in three ways. First, they expand 
the substantive domain of market-based assets and customer 
equity by ushering in a greenfield of IPOs. In this way, this 
article uncovers fresh IPO-based reasons marketing can 
help create shareholder value. Second, the findings help 
build a more powerful framework of market-based assets by 
appreciating the value relevance of marketing before IPOs 


because most prior studies have valued market-based assets 
after IPOs. Third, they show the ability of the market-based 
asset framework to help solve some intriguing puzzles, such 
as IPO underpricing; that is, pre-IPO marketing spendings 
(a significant marketing variable omitted in previous 
finance models) may help certify IPO values and reduce 
information asymmetry. As such, coupled with prior 
research (e.g. Joshi and Hanssens 2008; Luo 2008; 
Pauwels et al. 2004), this study boosts the power of market- 
based assets theory to explain stock market responses both 
before and after IPOs. 

In addition, the findings advance empirical research on 
the marketing—finance interface (Gupta, Lehmann, and Stu- 
art 2004; Srinivasan and Hanssens 2007) on two fronts. 
First, whereas prior empirical studies in marketing have 
modeled outcome metrics, such as Tobin's q, stock return, 
and systematic risk of the firm (Anderson, Fornell, and 
Mazvancheryl 2004; Luo 2007; McAlister, Srinivasan, and 
Kim 2007), this article introduces two new metrics with 
underpricing and trading of newly listed stocks. These 
novel metrics of investor responses to IPOs may contribute 
to the literature by providing marketing scholars with a new 
twist (i.e., offering more options regarding the appropriate 
outcome metrics or dependent variables есу from the 
finance literature).9 

Second, going beyond main effects, this article also uses 
robust econometric models to reveal the moderated, hetero- 
geneous effects of pre-IPO marketing spendings. To date, 
the extant literature on the marketing-finance interface 
appears to have paid only scant attention to such moderated 
relationships (Luo and Bhattachaya 2006; Mizik and Jacob- 
son 2007, 2008). As such, the current research reveals origi- 
nal evidence (and enthusiastically calls) for a contingency 
theory of the marketing-finance interface. Indeed, in prac- 
tice, factors such as firm efficiency in operations may act as 
boundary conditions for the linkage between marketing and 
finance. 


Implications for Practice 


Initial public offerings are now on the comeback trail. 
Thrilled by stupendous returns, hungry investors and entre- 
preneurial executives are making record-busting IPO sea- 
sons since the tech crash. According to the popular trade 
press, companies such as Orbitz and Heelys both had suc- 
cessful IPOs (Bogoslaw 2007; Ghosh 2007). However, 
there is a catch: 


The threshold for IPOs is much higher than it was during 
the bull market of the late 90s. Back then, any entrepre- 
neur who could spin a good tale had a very strong chance 
of taking his company public. Things are different now. 
Investors, burned by the stock market crash of 2000, want 
companies to show profits and cash flows, not aggregated 
eyeballs or foosball tables. (Rosenbush 2006, p. 3) 





6Ву uncovering the incremental value relevance of pre-IPO 
marketing spendings beyond established financial predictors, this 
article contributes to both marketing and finance, especially for the 
marketing—finance interface literature. 


As such, marketers on Main Street and investors on 
Wall Street ponder the question of how to “kick the tires.” 
The current findings suggest two points in this regard. First, 
this article builds the case for the significant role of market- 
ing spendings before an IPO. Executives should allocate 
capital to marketing programs in building market-based 
intangibles for an improved fundamental outlook (superior 
cash flows) before IPOs to attract investors and cultivate 
healthy IPOs. In this study, it was calculated that, on aver- 
age, for companies in the sample, one unit increase of pre- 
IPO marketing spendings reduced IPO underpricing by 
approximately $11.6 million in the amount of money left on 
the table. In addition, when coupled with higher cost reduc- 
tion efficiency, the benefit of one unit increase of pre-IPO 
marketing spendings was even more evident; that is, it 
reduced approximately $15.08 million (or the benefit of 
pre-IPO marketing spendings is expanded by 29% = 
[15.08 — 11.6]/11.6 because of the moderating role of cost 
reduction efficiency) of underpricing at IPOs. As such, mar- 
keters can, and should, think like investors and speak the 
same language of finance. By using such language with 
underpricing and trading of IPOs, this study not only helps 
marketers join in the conversation with investors but also 
provides them with guidance on creating more effective and 
efficient pre-IPO marketing budgets that are appealing to 
the investor community. 

Second, there are some cautionary notes to the IPO 
dream. Marketers would be naive if they assumed that pre- 
IPO marketing spendings are always fruitful. In the face of 
fierce competition, unwise use of marketing capital before 
IPOs could destroy customer/brand equity and shareholder 
value. Without a solid history of top-line growth backed up 
by strong marketing in developing new products and/or sup- 
porting current ones, it is no wonder some IPOs (e.g., Von- 
age, Webhire) were gloomy. Investors simply take no more 
blank checks from marketers. In addition, marketers should 
acknowledge that pre-IPO marketing spendings do not 
unconditionally affect IPOs. Rather, marketing spendings 
have heterogeneous effects and create value within context; 
they play a more (less) salient role in affecting investor 
responses to IPOs when the firm has a high (low) cost 
reduction efficiency and in markets with a small (large) 
number of historical IPOs. These conditional results support 
Srivastava, Shervani, and Fahey’s (1998, p. 2, emphasis 
added) theory that “market-based assets arise from the 
commingling of the firm with entities in its external 
environment.” 

Nevertheless, the results also indicate that careful 
investors may be better able to pick star IPOs if they can 
track pre-IPO marketing spendings and model firm cost 
reduction efficiency simultaneously. Although IPOs have 
two enemies—uncertainty and volatility—the good news is 
that marketing can help reduce these risks insofar as com- 
pany fundamentals are boosted by pre-IPO marketing 
spendings. In addition, this good news goes a long way, 
especially when firms have superior operating efficiency 
relative to their rivals. Indeed, with lean and shrinking bud- 
gets, marketers are often pressured to cut corners and 
achieve the same goals with fewer resources. The current 
research suggests that marketers can meet this challenge 
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and get more bang for their buck if they can enjoy both 
more effective marketing spendings and more efficient 
operations simultaneously. 


Limitations and Further Research 


Although this study advances the understanding of the 
marketing—finance interface, it also has limitations that may 
serve as good directions for further research. First, the mea- 
sure of marketing spendings (SG&A expense — R&D 
expense) is coarse. Although there is good theoretical and 
empirical justification (Dutta, Narasimhan, and Rajiv 1999; 
Mizik and Jacobson 2007), this measure covers general 
overheads and legal costs. It would be ideal to isolate only 
marketing spendings. However, the ability to do this is lim- 
ited by the nature of the reporting in the COMPUSTAT data 
source. Therefore, further research could assemble different 
data sets to isolate the marketing spending items and derive 
а more precise measure. 

Second, the IPO implications of every market-based 
asset were not evaluated, and this can be embedded in many 
business processes, such as product development, supply 
chain management, and customer relationship management. 
Thus, further research is called for to examine whether IPO 
activities are related to variables involved in these pro- 
cesses, including product innovations (Chandy et al. 2006; 
Pauwels et al. 2004), brand dimensions (Mizik and Jacob- 
son 2008), corporate social responsibility initiatives (Luo 


and Bhattacharya 2006), and customer satisfaction (Rust et 
al. 2004). For example, are pre-IPO product development 
and customer relationship efforts related to the level and 
volatilities of post-IPO cash flows? 

Third, IPO theory and evidence have a profound influ- 
ence on financial academics and practitioners. Various 
important topics, including IPO motivation, underpricing, 
signaling, failure risk, and underwriter selection, have been 
studied in the finance literature (Brau and Fawcett 2006; 
Gondat-Larralde and James 2008; Ritter and Welch 2002). 
The empirical analyses herein are limited to a subset of 
these topics. Although not all the IPO topics can or should 
be directly linked to marketing, further research could con- 
duct explorations along those lines to advance the theory 
development on the marketing—finance interface. 


Conclusion 


This research illuminates a link between marketing spend- 
ings and IPO underpricing and trading. Given the impor- 
tance of IPO financing and the lack of research on IPOs in 
marketing, additional scholarly research of this kind should 
be conducted. It is hoped that in doing so, investors and 
managers will gain a more complete view of the impact of 
marketing both before and after IPOs and, thus, more 
heartily appreciate the shareholder value of market-based 
assets. 


_————————————————уууууүуүуүуүу——ү—үЄү—+=—-———— ——Є- 
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Customer Prioritization: Does It Pay 
Off, and How Should It Be 
Implemented? 


It seems to be common sense that to increase profits, firms should prioritize customers (i.e., focus their efforts on 
the most important customers). However, such a strategy might have substantial negative effects on firms' 
relationships with customers treated at a low priority level. Prior research does not indicate satisfactorily whether 
and how customer prioritization pays off. Moreover, although customer prioritization may be strongly present in 
firms' marketing strategies, firms frequently fail to implement such a strategy. Therefore, it is also important to 
investigate empirically by which means firms can facilitate implementation. The authors address both issues and 
conduct a cross-industry study with 310 firms from business-to-consumer and business-to-business contexts 
together with two independent validation samples. The results show that customer prioritization ultimately leads to 
higher average customer profitability and a higher retum on sales because it (1) affects relationships with top-tier 
customers positively but does not affect relationships with bottom-tier customers and (2) reduces marketing and 
sales costs. Furthermore, the ability to assess customer profitability, the quality of customer information, selective 
organizational alignment, selective senior-level involvement, and selective elaboration of planning and control all 
positively moderate the link between a firm's prioritization strategy and actual customer prioritization. 


Keywords: customer prioritization, customer relationship management, marketing strategy, marketing 
implementation, customer satisfaction 


orities among their customers and allocate resources that Johnston 2004b). Zeithaml, Rust, and Lemon (2001, p. 118) 
correspond to these priorities (e.g., Zeithaml, Rust, and emphasize this logic: "While companies may want to treat 
Lemon 2001). This idea of customer prioritization implies all customers with superior service, they find it is neither 
that selected customers receive different and preferential practical nor profitable to meet (and certainly not to exceed) 
treatment regarding marketing instruments (e.g., Bolton, all customers' expectations. Further—and probably the 
Lemon, and Verhoef 2004). In practice, firms often develop more objectionable to quality zealots—in most cases it is 


|: widely accepted that companies should set clear pri- Rust, Lemon, and Zeithaml 2004; Zablah, Bellenger, and 


tiered levels of serving customers of different importance desirable for a firm to alienate or even ‘fire’ at least some of 
and assign customers to a particular tier according to their its customers." 
actual or potential sales volumes (e.g., Lacey, Suh, and However, the principle of customer prioritization is also 
Morgan 2007; Zeithaml, Rust, and Lemon 2001). frequently challenged. Essentially, three arguments are put 
According to this logic, companies should implement a forth against setting priorities among customers. First, cus- 
differentiated use of marketing instruments for different tomer prioritization can leave lower-prionty customers dis- 
tiers of their customer base. Such a differentiation of mar- satisfied (Brady 2000; Gerstner and Libai 2006), and these 
keting efforts is supposed to lead to higher firm profits dissatisfied customers might defect or spread negative word 
because marketing efforts become more effective and effi- of mouth, leading to a decline in long-term sales and profits 
cient when concentrated on the top-tier customers (e.g., (e.g., Hogan, Lemon, and Libai 2003; Kumar and George 


2007; Reichheld and Sasser 1990). Second, focusing prefer- 
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question is related to this issue. We develop a framework for 
and corresponding hypotheses about (1) the effects of cus- 
tomer prioritization on firms' relationships with their top- 
tier versus bottom-tier customers, who are treated at high 
versus low priority with respect to marketing instruments, 
and (2) the resultant impact on performance outcomes. 

Ап additional observation is that many firms intend to 
prioritize among their customers but fail to implement such 
a strategy properly (Peppers, Rogers, and Dorf 1999). In 
other words, although customer prioritization is strongly 
present in a firm's marketing strategy, it may not be present 
in the actual allocation of resources and the use of market- 
ing instruments. Possible reasons for this problem include 
that an organization's structure, processes, and culture may 
not support a differentiated treatment of customers (e.g., 
Shah et al. 2006; Zablah, Bellenger, and Johnston 20043). 
This observation parallels the seminal work of Mintzberg 
(1978), who distinguishes between intended and realized 
strategies and illustrates that many intended strategies 
remain unrealized. In a similar vein, Bonoma (1984, p. 69) 
notes that “it is invariably easier to think up clever market- 
ing strategies than it is to make them work.” 

Against this background, we also address the issue of 
implementing customer prioritization. We develop a frame- 
work for and corresponding hypotheses about the impact of 
a prioritization strategy on actual customer prioritization. 
We argue that the degree to which a firm's prioritization 
strategy is implemented depends on the extent to which a 
firm's structure and internal processes, as well as cultural 
aspects, support a differentiated customer treatment. 

In addition to being theoretically relevant, answering 
the question whether customer prioritization pays off and 
showing how its implementation can be ensured are impor- 
tant for practitioners. First, understanding how customers of 
different importance react to customer prioritization is fun- 
damental to assess the effects of customer prioritization on 
a firm's customer portfolio. Second, knowing whether and 
how customer prioritization affects firm profits helps man- 
agers decide on a sound basis whether to prioritize cus- 
tomers or to treat them all equally. Third, because differen- 
tiating customers requires substantial organizational 
changes (Shah et al. 2006), managers need to know which 
crucial leverages make a prioritization strategy work. 

In the next section, we provide a review of related lit- 
erature. We then present the first framework and derive the 
hypotheses on performance outcomes of customer prioriti- 
zation. After this, we present the second framework, which 
addresses the implementation of a prioritization strategy, 
and we delineate the hypotheses. The following section 
describes the methodology of our study. А key characteris- 
tic of our large-scale survey study is that to provide gener- 
alizable findings, we consider firms of different industries, 
including business-to-business (B2B) and business-to- 
consumer (B2C) markets. After reporting the results, we 
discuss the implications of our findings. 


Related Literature 


Our work is related to a large body of conceptual and 
empirical work from different backgrounds (e.g., customer 


relationship management [CRM], direct marketing, market- 
ing metrics). Our literature review addresses selected work 
that provides important insights into (1) performance out- 
comes and (2) implementation issues of customer prioritiza- 
tion. Table 1 shows important studies that are related to our 
first research question—that is, whether prioritization pays 
off. Furthermore, Table 1 highlights key findings and char- 
acteristics of these studies and shows how our work is 
distinct. 

Few studies have conceptualized the idea of customer 
prioritization. Reinartz, Krafft, and Hoyer (2004) show that 
CRM processes, including specific aspects of customer pri- 
oritization, moderately enhance firm performance. Further- 
more, customer management strategies that maximize indi- 
vidual customer profitability or customer lifetime value 
(СГУ) lead to higher firm performance (e.g., Rust and Ver- 
hoef 2005; Venkatesan and Kumar 2004). Other than these 
initial findings, however, no study satisfactorily answers the 
question whether customer prioritization pays off. Four 
major observations lead to this conclusion (see Table 1). 

First, performance measures of the studies that incorpo- 
rate customer prioritization aspects are either financial (e.g., 
Reinartz, Krafft, and Hoyer 2004) or customer related (Yim, 
Anderson, and Swaminathan 2004). However, there is a call 
for an integration of both to explain why financial effects 
occur (Hogan, Lemon, and Rust 2002, p. 10; Kumar and 
George 2007). 

Second, and related to this call, most of the studies 
focus on a limited number of industries or companies in 


. which sophisticated CRM systems are widely used (e.g., 


Venkatesan and Kumar 2004). However, firms can prioritize 
customers without relying on sophisticated CRM systems 
(Jayachandran et al. 2005). Thus, there is a lack of generali- 
zability of prior results. Furthermore, nearly all studies are 
conducted in B2C markets (e.g., Reinartz, Krafft, and 
Hoyer 2004). Relatively little is known about whether firms 
in B2B markets should prioritize customers. 

Third, almost all studies addressing customer prioritiza- 
tion activities focus on specific aspects, such as product 
customization or communication activities (except for 
Ryals 2005). No empirical evidence shows that prioritizing 


' customers across a broad set of marketing activities pays off. 


Fourth, most studies do not differentiate between the 
effects of customer prioritization on different (tiers of) cus- 
tomers (except for Ryals 2005; Venkatesan and Kumar 
2004). This is necessary to understand how customer priori- 
tization affects customer-related and performance outcomes. 

In this context, it is worth mentioning that direct mar- 


` keting has a long tradition in targeting specific customers. 


However, direct marketing mostly focuses on optimizing 
the success of campaigns rather than customer relationships 


‚ (Rust and Verhoef 2005, p. 477). 


To summarize, the question whether firms should priori- 
tize customers represents a major research gap. Our study 
addresses this gap (1) by simultaneously analyzing 
customer-related and financial outcomes, (2) by conducting 
a cross-industry study to derive generalizable results, (3) by 
incorporating a broad set of marketing activities to priori- 
tize customers, and (4) by simultaneously analyzing effects 
of customer prioritization on different customer tiers. 
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Regarding our second research question, we are not 
aware of a study that has empirically examined how firms 
can facilitate implementation of a prioritization strategy. It 
is widely accepted that the implementation stage is crucial 
because many CRM initiatives fail (Zablah, Bellenger, and 
Johnston 2004a). However, work that analyzes how firms 
should implement CRM is of a qualitative nature (e.g., 
Payne and Frow 2006; Peppers, Rogers, and Dorf 1999; 
Raman, Wittmann, and Rauseo 2006). Moreover, empirical 
research on CRM implementation mainly focuses on tech- 
nical aspects (Raman, Wittman, and Rauseo 2006, p. 42). 
As Payne and Frow (2005, p. 174) conclude, “We empha- 
size the importance of CRM implementation and related 
people issues as an area in which further research is 
urgently needed." 

Against this background, the question of how firms can 
facilitate the implementation of a prioritization strategy has 
not sufficiently been addressed. Therefore, we analyze 
which specific supporting actions firms should pursue to 
ensure implementation of a prioritization strategy. 


Framework and Hypotheses 
Regarding Performance Outcomes 


Overview of Framework and Constructs 
The basic rationale of our framework is that customer pri- 
oritization affects the characteristics of a firm's relation- 
ships with both its top-tier and its bottom-tier customers.! 
In this context, the top tier contains the firm's most impor- 
tant customers, and the bottom tier contains its least impor- 
tant customers. Importance refers to the relative importance 
a firm assigns to a particular customer based on firm- 
specific valuation criteria. Because firms can use different 
approaches and criteria, our framework does not prescribe 
how firms should assess customer importance. In practice, 
importance is often a function of customers' actual or 
potential sales (Zeithaml, Rust, and Lemon 2001), which 
parallels the descriptive results of our study.2 

Our framework models the consequences of customer 
prioritization as a chain of effects with two basic elements: 
relationship characteristics and performance outcomes (e.g., 
Bolton, Lemon, and Verhoef 2004). We consider the effects 








1а our company survey, we also addressed a middle tier, 
reflecting the logic of an "ABC classification." However, a model 
that also included the relationship characteristics of this middle 
tier did not provide any additional insights; the effects of customer 
pnoritization on the middle tier were simular to those on the bot- 
tom tier. 

2In our company survey, we assessed the degree to which firms 
use particular criteria and methods for customer valuation (1 = 
“not at all,” and 7 = “very extensively"). Firms in our sample most 
extensively use past (M = 6.05) and expected (M = 5.52) sales for 
customer valuation and past (M = 4.05) and expected (M = 3.62) 
costs to serve to a lower extent. With respect to customer valuation 
methods, firms rely more extensively on ABC classification 
schemes (M = 4.38) than on sophisticated methods, such as CLV 
(M = 2.57). 
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of customer prioritization on relationship characteristics of 
top-tier versus bottom-tier customers. In addition, we ana- 
lyze how these characteristics affect important performance 
outcomes on the overall level of the customer portfolio. 
Furthermore, we investigate the effect of customer prioriti- 
zation on marketing and sales costs (e.g., Bowman and 
Narayandas 2004). Finally, we include two control variables 
that address the firm's customer valuation method because 
they might affect customer prioritization as well as perfor- 
mance outcomes (Boulding et al. 2005). The framework 
and the specific constructs appear in Figure 1. 

We define customer prioritization as the degree to which 
customers are treated differently with respect to marketing 
instruments according to their importance to the firm. Thus, 
there is a high level of customer prioritization when top-tier 
customers receive clearly different and preferential treat- 
ment (ie., value proposition) compared with bottom-tier 
customers regarding marketing instruments, such as prod- 
uct, price, sales, communication, and processes (Bolton, 
Lemon, and Verhoef 2004; De Wulf, Odekerken-Schrider, 
and Jacobucci 2001; Lacey, Suh, and Morgan 2007; Ryals 
2005). The lowest possible level of prioritization is given 
when all customers are treated equally regarding these 
instruments. 

For both customer tiers, we use three important charac- 
teristics of a relationship: customer satisfaction, customer 
loyalty, and the customer’s share of wallet (e.g., Anderson 
and Mittal 2000; Bolton, Lemon, and Verhoef 2004; Ver- 
hoef 2003). First, we define customer satisfaction as the 
customer's overall (i.e., cumulative) evaluation of the total 
purchase and consumption experiences made with the sup- 
plier to date (Anderson, Fornell, and Lehmann 1994). Sec- 
ond, customer loyalty captures the degree to which a cus- 
tomer is willing to engage in a long-term relationship with 
the focal firm (Oliver 1997). Thus, the focus is on attitudi- 
nal loyalty. Third, we define share of wallet as the share of 
category purchases a customer conducts with the focal firm 
(Verhoef 2003). Thus, the focus here is on actual customer 
behavior. For each customer tier, we consider the respective 
average customer satisfaction, customer loyalty, and share 
of wallet. 

The measures of performance outcomes on the overall 
level of the customer portfolio follow prior work that links 
marketing actions to profitability (Bowman and Narayandas 
2004; Kamakura et al. 2002; Rust et al. 2004). In particular, 
we use average sales per customer, average customer prof- 
itability, and marketing and sales costs in relation to sales. 
Customer profitability is defined as (gross profit — market- 
ing and sales costs)/net sales. In this context, gross profit 
captures net sales less the costs of goods sold (Bowman and 
Narayandas 2004). For sales and customer profitability, we 
consider the average value across all customers. Marketing 
and sales costs include direct and indirect costs (e.g., costs 
for internal marketing and sales departments) of marketing 
and sales (Bowman and Narayandas 2004). We define 
return on sales as the firm's operating income before tax in 
relation to sales (Ittner and Larcker 1998). Finally, the two 
control variables capture the extent to which customer valu- 
ation is based on past customer profitability and on expecta- 
tions about future customer profitability. 


FIGURE 1 
Performance Outcomes of Customer Prioritization: Research Framework 
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Hypotheses 


Customer behavior and satisfaction largely depend on the 
effort a company devotes to customers (Bowman and 
Narayandas 2004; Kamakura et al. 2002). In line with our 
definition of customer prioritization, this effort varies 
through a differentiated use of marketing instruments. 
Specifically, customer prioritization should enhance satis- 
faction of top-tier customers through their preferential treat- 
ment with respect to product, price, sales, processes, and 
communication. 

Research has shown that the customization of goods or 
services has a positive effect on customer satisfaction (For- 
nell et al. 1996). Thus, to enhance the satisfaction of high- 
priority customers, firms can deliver higher value by cus- 
tomizing goods and services or by offering additional 
services (Yim, Anderson, and Swaminathan 2004). In addi- 
tion, the perceived value of goods and services is deter- 
mined by the relationship between the perceived quality and 
the price paid (Fornell et al. 1996). Thus, the overall per- 
ceived value of high-priority customers should also be 
increased by means of pricing (e.g., through favorable price 
conditions, more flexible payment targets). In terms of 


sales, salespeople are essential in providing added value for 
customers (Weitz and Bradford 1999). For example, cus- 
tomer prioritization implies devoting higher levels of sales 
force attention to high-priority customers (e.g., visits by 
more qualified salespeople). Service research has empha- 
sized the importance of processes in creating value (e.g., 
Gronroos 2000). Customers can be treated preferentially, 
for example, by means of faster and more flexible deliver- 
ies. Finally, in relation to communication, prioritizing in 
this context implies that top-tier customers receive informa- 
tion that creates additional value (e.g., specific or exclusive 
market know-how). 

To summarize, when prioritizing customers, firms 
should be able to deliver higher value to high-priority cus- 
tomers by using diverse marketing instruments. Because 
research has shown that higher value leads to higher cus- 
tomer satisfaction (Fornell et al. 1996), we hypothesize the 
following: 


Н;. Customer prioritization has a positive effect on the aver- 
age satisfaction of top-tier customers. 


However, we also argue that customer prioritization 
negatively affects satisfaction of bottom-tier customers. 
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Because a firm's marketing resources are limited, preferen- 
tially treating top-tier customers implies that marketing 
efforts for bottom-tier customers are reduced to a certain 
extent (see Bowman and Narayandas 2004; Kamakura et al. 
2002). Thus, when firms devote less effort to satisfying 
bottom-tier customers (e.g., a reduced number of visits by 
salespeople, limited sales support; Brady 2000), these cus- 
tomers should experience a lower level of value and, ulti- 
mately, show a lower level of customer satisfaction. 
Accordingly, we hypothesize the following: 


Н»: Customer prioritization has a negative effect on the aver- 
age satisfaction of bottom-tier customers. 


We further argue that customer prioritization affects the 
firm's marketing and sales costs in relation to sales (see 
Figure 1). Firms that do not prioritize their customers might 
devote too much effort to small customers. This would be 
inefficient because small-volume customers cause higher 
marketing and sales costs in relation to sales than higher- 
volume customers (Niraj, Gupta, and Narasimhan 2001). As 
a result, prioritizing customers rather than treating all cus- 
tomers equally should lead to a more efficient use of mar- 
keting resources: 

Нз: Customer prioritization reduces marketing and sales costs 

in relation to sales. 


In the following, we consider the effects that lead from 
average customer satisfaction to average sales per customer 
(see Figure 1). In this context, we do not distinguish 
between top-tier and bottom-tier customers, because our 
logic behind the hypotheses is identical. 

With respect to the link between average customer satis- 
faction and loyalty in each customer tier, prior research has 
identified customer satisfaction as a key driver of customer 
loyalty (Fornell et al. 1996; Szymanski and Henard 2001). 
Furthermore, loyal customers are supposed to allocate a 
greater share of wallet to the focal firm for two basic rea- 
sons. First, firms can win new business more easily as they 
gather a more profound knowledge about customer needs 
and how to serve them (Bowman and Narayandas 2004). 
Second, loyal customers are more willing to expand their 
existing relationship with the firm (Dwyer, Schurr, and Oh 
1987). Finally, average share of wallet of both customer 
tiers should be positively related to average sales per cus- 
tomer (i.e., total sales/total number of customers). This is 
expected to hold because, all other things equal, an increase 
in average share of wallet of top-tier customers should lead 
to higher total sales. The same should hold for bottom-tier 
customers. Given a fixed number of customers, higher total 
sales lead to higher average sales per customer. Thus, for 
the effects linking average customer satisfaction to average 
sales per customer, we hypothesize the following: 


Нда: Average customer satisfaction has a positive effect on 
average customer loyalty for both (i) top-tier customers 
and (ii) bottom-tier customers. 

Hay: Average customer loyalty has a positive effect on average 
share of wallet for both (i) top-tier customers and (ii) 
bottom-tier customers. 

Нас: Average share of wallet has a positive effect on average 
sales per customer for both (i) top-tier customers and (ii) 
bottom-tier customers. 
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In H; and Hy, we argue that customer prioritization 
should have opposite effects on the average satisfaction of 
top-tier (positive effect) and bottom-tier (negative effect) 
customers. Together with H4, ., customer prioritization 
should lead to higher average sales per customer through 
the relationships with top-tier customers but to lower aver- 
age sales per customer through the relationships with 
bottom-tier customers. Thus, the overall effect on average 
sales per customer through the relationships with top-tier 
and bottom-tier customers depends on which effect is domi- 
nant (see Figure 1). We address this issue empirically. 

The remaining effects in our framework (see Figure 1) 
are well established in the literature. Thus, we do not 
develop explicit hypotheses for them. First, all other things 
being equal, an increase in average sales per customer 
should lead to higher average customer profitability because 
of economies of scale (Bowman and Narayandas 2004; 
Niraj, Gupta, and Narasimhan 2001). Second, marketing 
and sales costs in relation to sales should negatively affect 
average customer profitability (e.g., Bowman and Narayan- 
das 2004; Kamakura et al. 2002). Third, average customer 
profitability should have a positive effect on return on sales. 


Framework and Hypotheses 
Regarding Implementation Issues 


Overview of Framework and Constructs 


This framework addresses the second issue of our study: the 
link between intended and implemented customer prioriti- 
zation. The basic rationale of our framework is that the 
degree to which a firm's strategic objective to prioritize cus- 
tomers leads to actual customer prioritization (i.e., a differ- 
ential customer treatment through different value proposi- 
tions) should depend on the degree to which the latter is 
supported through important organizational contingencies. 
In particular, we consider their moderating effects on the 
link between a firm's prioritization strategy and actual cus- 
tomer prioritization (see Figure 2). 

This assumption is in line with recent conceptual work 
that suggests that firms face major internal barriers when 
moving to a customer-centric organization (Shah et al. 
2006). Yet there is a need to investigate these barriers 
empirically in specific contexts (Payne and Frow 2005; 
Shah et al. 2006). Customer prioritization implies that a 
firm is highly customer centric for the most important cus- 
tomers and at a lower level for less important customers. 

On the basis of Shah and colleagues' (2006) framework 
and a review of research on strategy implementation, we 
consider the following supporting factors highly relevant 
for the implementation of a prioritization strategy: the abil- 
ity to assess customer profitability, the quality of customer 
information, selective organizational alignment, selective 
senior-level involvement, selective elaboration of planning 
and control, compensation according to prioritization objec- 
tives, and prioritization-consistent shared beliefs (e.g., 
Desphandé and Webster 1989; Galbraith and Nathanson 
1978; Homburg, Workman, and Jensen 2000; Noble 1999; 
Slater and Olson 2000). Figure 2. provides an overview of 
these factors and the 1ssues they cover. 
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We define a firm's prioritization strategy as the degree 
to which its market strategy aims to treat customers differ- 
ently and to allocate resources according to their impor- 
tance. The customer prioritization construct is identical to 
that in the first framework of this study and captures the 
degree to which customers are treated differently according 
to their importance with respect to marketing instruments. 
Thus, we employ Mintzberg's (1978) basic distinction 
between intended and realized strategies (see Figure 2). In 
the next section, we define the moderators of the link 
between prioritization strategy and customer prioritization 
and derive the corresponding hypotheses. 


Hypotheses 


Employees in contact with customers should be more likely 
to act in a strategy-consistent way when provided with goal- 
relevant information. With respect to the implementation of 
a prioritization strategy, the firm's ability to assess customer 
profitability and the quality of a firm's customer informa- 
tion should be important (Jayachandran et al. 2005; Shah et 
al. 2006). 

We define the ability to assess customer profitability as 
the degree to which a firm's information systems enable the 


assessment of sales and costs for customers or customer 


segments. When provided with such information, customer- 
contact employees should be able to evaluate the profitabil- 
ity impact of particular marketing actions and, thus, to bet- 


ter prioritize customers in their daily business (Venkatesan ; 


and Kumar 2004). In addition, they should be more moti- 
vated to act in favor of the strategic objective to prioritize 


customers (Shah et al. 2006) because their uncertainty 
about how to act in line with the firm's prioritization strat- 
egy (1.e., which customers should be preferentially treated) 


should be reduced. Thus: 


Hs: The firm's ability to assess customer profitability posi- 
tively moderates the effect of priontization strategy o on 
customer prioritization. 


The quality of customer information captures the degree 
to which a firm has broad and up-to-date information about 
its customers. In addition to profitability information, firms 
should rely on qualitative customer information (e.g., cus- 
tomers' word of mouth) to improve the customer valuation 
process (Berger et al. 2002). As a result, customer-contact 
employees should be able:to evaluate more comprehen- 
sively the impact of particular marketing actions and, thus, 
to better prioritize customers. Furthermore, having broad 
and up-to-date information about customers enables firms 
to better adapt their offers to customer needs (Yim, Ander- 
son, and Swaminathan 2004). When customer-contact 
employees have access to such information, they should be 
able to deliver higher value to top-tier customers: 


Hsp: The quality of customer information positively moder- 
ates the effect of prioritization Strategy on customer 
prioritization. 


Adapting the organizational structure is an important 
prerequisite for responding to customer needs (Homburg, 
Workman, and Jensen 2000; Shah et al. 2006). With respect 
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to customer prioritization, this suggests an organizational 
alignment especially for the most important customers. 
Such an approach should enhance the organization’s ability 
to address the specific needs of these important customers 
(Workman, Homburg, and Jensen 2003). 

Therefore, we refer to selective organizational align- 
ment as the degree to which a firm installs customer- 
responsive structures and internal processes depending on 
the customer’s importance. Specifically, firms should create 
distinguished organizational units that are solely responsi- 
ble for serving the most important customers (Yim, Ander- 
son, and Swaminathan 2004). Thus, employees of these 
units are then focused on serving these customers. In addi- 
tion, these units should include personnel from different 
functions to better address the complex needs of the most 
important customers (Workman, Homburg, and Jensen 
2003). Therefore, a selective organizational alignment 
should facilitate implementation of a prioritization strategy: 

Hse: Selective organizational alignment positively moderates 

the effect of prioritization strategy on customer 
prioritization. 

Furthermore, prior work has stressed the importance of 
senior-level involvement to ensure the alignment of differ- 
ent organizational levels to the strategy (Noble and Mokwa 
1999; Shah et al. 2006). In our context, we define selective 
senior-level involvement as the degree to which top man- 
agement differentiates its involvement in managing cus- 
tomers depending on the customer’s importance. In particu- 
lar, senior-level management should be involved in the 
firm’s interactions with the most valuable customers (Work- 
man, Homburg, and Jensen 2003). Thus, the importance of 
customer prioritization to the senior-level management is 
signaled to all employees involved in customer care (Shah 
et al. 2006). As a result, employees should be more moti- 
vated to implement a prioritization strategy (Noble and 
Mokwa 1999). Thus: 


На: Selective senior-level involvement positively moderates 
the effect of prioritization strategy on customer 
prioritization. 

An adequate planning and control system is vital for 
translating an abstract strategy into explicit goals and for 
monitoring the achievement of these goals (Daft and Mac- 
intosh 1984). Specific and detailed planning and control 
should (1) facilitate strategy implementation as strategic 
goals are broken down into manageable pieces (John and 
Martin 1984) and (2) enhance the employees’ adherence to 
the plan (Choi, Dixon, and Jung 2004; Jaworski and MacIn- 
nis 1989). As a result, marketing plans with respect to cus- 
tomer prioritization should contain goals and corresponding 
resource allocations for specific customers/customer tiers. 
These plans should be combined with monitoring proce- 
dures to evaluate the effectiveness and efficiency of specific 
marketing actions (Bell et al. 2002; Hogan, Lemon, and 
Rust 2002). 

Selective elaboration of planning and control refers to 
the degree to which a firm differentiates the comprehensive- 
ness and rigidity of internal planning and monitoring proce- 


dures depending on the customer's importance. Therefore, 
the degree of elaboration of planning and control proce- 
dures should increase with the customer's importance. This 
is because the more important customers are, the more 
important the achievement of the specific goals should be. 
In particular, a more detailed and frequent planning and 
monitoring for high-priority customers should facilitate the 
implementation of a prioritization strategy as the plans for 
these customers get more specific and accurate. Further- 
more, a control system that allows for smaller critical dis- 
crepancies from planning figures for high-priority cus- 
tomers should enhance the employees' efforts in not 
exceeding the critical discrepancies for the most valuable 
customers. This means that relatively small deviations in 
terms of, for example, sales volume or customer satisfaction 
should induce an investigation of the circumstances that 
lead to this deviation. Thus: 


Н;.: Selective elaboration of planning and control positively 
moderates the effect of prioritization strategy on cus- 
tomer prioritization. 

Prior work has stressed that strategy implementation 
critically depends on incentive schemes that motivate and 
reward for strategy-consistent behavior (Govindarajan and 
Gupta 1985; Walker and Ruekert 1987). Compensation 
according to prioritization objectives captures the degree to 
which variable compensation is based on key performance 
metrics for relationships with high-priority customers (Shah 
et al. 2006; Yim, Anderson, and Swaminathan 2004). In par- 
ticular, compensation according to criteria such as customer 
satisfaction or sales volume of high-priority customers 
should encourage salespeople to act in favor of a prioritiza- 
tion strategy, for example, by providing higher value to top- 
tier customers (Banker et al. 1996). Thus: 


Ня: Variable compensation according to prioritization objec- 
tives positively moderates the effect of prioritization strat- 
egy on customer prioritization. 


Finally, prioritization-consistent shared beliefs is the 
degree to which customer-contact employees are convinced 
that prioritization is a valuable and appropriate strategy 
(Shah et al. 2006). Shared beliefs are an important driver 
of employee behavior (Desphandé and Webster 1989; 
Schwartz and Davis 1981). However, the guiding beliefs of 
senior managers who formulate strategies and those of man- 
agers at lower organizational levels might differ (O'Reilly 
1989). Strategy implementation should be facilitated (1) 
when there is a fit between the guiding beliefs and the strat- 
egy and (2) when members of different organizational lev- 
els and functions share the same beliefs (Homburg and 
Pflesser 2000; O'Reilly 1989). Against this background, 
when customer-contact employees are convinced that pri- 
oritizing customers is a valuable strategy, they should be 
more likely to act in favor of such a strategy in their day-to- 
day business: 

Hsg: Prioritization-consistent shared beliefs positively moder- 

ate the effect of prioritization strategy on customer 
prioritization. 


Methodology 


Data Collection and Sample 


We employed a survey methodology for data collection. 
The unit of analysis was a business unit within a firm or (if 
no specialization into different business units existed) the 
entire firm. We identified a company sample (n = 2023) 
using data from a commercial provider. The sample covered 
a broad range of services and manufacturing industries rep- 
resenting B2C and B2B markets. For 1987 cases, we identi- 
fied the manager with primary responsibility for customer 
prioritization. Subsequently, a questionnaire was sent to 
these managers. After four weeks, we followed up with tele- 
phone calls. We received 310 usable questionnaires, result- 
ing in a response rate of 15.6%. We present respondent 
characteristics in Table 2. 

We assessed nonresponse bias by comparing early and 
late respondents (Armstrong and Overton 1977). We also 
analyzed whether the firms we initially addressed and the 
responding firms differed in terms of industry. Both tests 
indicate that nonresponse bias is not a problem. 


TABLE 2 
Sample Composition 

Industry 96 
Banking/insurance 16 
Utilitles 13 
Pharmaceuticals 11 
Machinery 11 
Transport 10 
Information technology/telecommunications 10 
Chemicals 8 
Mail order 6 
Wholesale 3 
Construction 2 
Others 9 
Missing 1 
Position of Respondents 

Managing director, chief executive officer 26 
Head of marketing 26 
Head of sales 18 
Head of marketing and sales 13 
Head of strategic business unit 5 
Head of other departments 4 
Others 12 
Missing 1 


Annual Revenues (In Millions of Dollars) 


«10 

10 < 25 

25 < 50 

50 < 100 
100 < 200 
200 < 500 
500 < 1,000 
>1,000 
Missing 


- — 1 
чет мо о мо + 
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Collection of Validation Samples 


To validate the managers' responses, we collected two 
additional sets of data. First, we validated the managers' 
evaluations of relationship characteristics with customer 
evaluations. We recontacted all managers who returned 
questionnaires and requested a list of ten top-tier and ten 
bottom-tier customers. In total, 33 managers provided this 
information. Then, we conducted telephone interviews with 
the corresponding customers. We obtained at least three 
responses per customer tier and company, which led to 265 
interviews. In this validation sample, we asked customers 
about their satisfaction with and loyalty to the focal firm.3 
For subsequent analysis, we averaged the customer 
responses for each firm and tier. 

We then correlated the customer satisfaction and cus- 
tomer loyalty assessments with the managers' initial evalua- 
tions. The results show high correlations for both customer 
satisfaction (.80 for top-tier customers and .78 for bottom- 
tier customers; p « .01) and customer loyalty (.76 for top- 
tier customers and .69 for bottom-tier customers; p « .01) 
assessments. This indicates the validity of the managerial 
assessments of customer satisfaction and customer loyalty. 

Second, we collected independent performance data to 
ensure the validity of the managers' assessments of their 
firms' return on sales as a performance measure. Because 
performance assessments based on self-reported data can be 
problematic as a result of effects such as common method 
bias (Podsakoff et al. 2003), we tested whether the manage- 
rial assessments and the independently collected perfor- 
mance measures sufficiently converged. 

Using financial databases, we were able to collect the 
necessary data for 121 firms of our sample (39%). We cor- 
related the return on sales as assessed by the managers with 
the return on sales as indicated by our secondary data. The 
correlation between both measures shows a high degree of 
convergence (.74; p « .01). This indicates that the man- 


3In the validation sample, we assessed customer satisfaction and 
customer loyalty with multiple items, such as the overall satisfac- 
tion, the degree to which the supplier meets expectations (for cus- 
tomer satisfaction), the repurchase intention, the intention to buy 
from the specific supplier for a long time, and the intention to buy 
additional goods/services from the supplier (for customer loyalty). 


agers' performance assessments are valid and can be used 
as dependent measures. 


Measure Development and Assessment 


Given the scarcity of prior empirical research on customer 
prioritization, the scales for this construct were newly gen- 
erated. We measured customer prioritization using reflec- 
tive multi-item scales. We defined the construct as the 
prioritization of important customers in the use of market- 
ing instruments (i.e., product, price, sales, processes, and 
communication). We measured each of the five dimensions 
with three items. А complete list of all items and their psy- 
chometric properties appears in the Appendix. 

Our measurement philosophy for this construct is based 
on the item-parceling approach that has been suggested as 
an appropriate way to reduce the complexity of constructs 
measured through a large number of indicators (Bagozzi 
and Edwards 1998; Little et al. 2002). The basic logic of 
this approach is to average items on the level of each 
dimension (product, price, sales, processes, and communi- 
cation) so that the focal construct can be measured with a 
smaller number of aggregated indicators (i.e., the five facets 
of customer prioritization). 

Using confirmatory factor analysis, we analyzed mea- 
sure reliability and validity for customer prioritization with 
its five facets. The results show that our measurement 
approach exhibits desirable psychometric properties. More 
specifically, we obtain a Cronbach's alpha of .82, which 
exceeds Nunnally's (1978) suggested threshold value of 
70. The construct reliability is .83, which is well above the 
suggested threshold value of .60 (Bagozzi and Yi 1988). In 
addition, the individual item reliabilities are above the sup- 
posed minimum value of .40 (Bagozzi and Baumgartner 
1994). Finally, all factor loadings are highly significant, 
representing an additional indicator for convergent validity 
(Bagozzi, Yi, and Phillips 1991). Table 3 reports psychome- 
tric properties and overall fit statistics of the focal construct. 

To measure relationship characteristics, we used single- 
item measures (assessed on seven-point rating scales 
anchored by 7 = "very high" and 1 = "very low") for the 
top-tier and bottom-tier customers' average customer satis- 
faction (Bowman and Narayandas 2004), average customer 
loyalty, and average share of wallet. For further analysis, we 
centered measures on the mean of the corresponding indus- 
try to rule out systematic cross-industry differences. 


TABLE 3 
Measurement: The Five Facets of Customer Prloritization 





Construct Name (Aggregated Indicator) M (SD) 

Customer prioritization in product 4.18 (1.61) 
Customer pnoritization in price 4.31 (1.59) 
Customer prioritization in sales 4.51 (1.55) 
Customer prioritizatlon In processes 3.49 (1 82) 
Customer prioritization In communication 3.46 (1.73) 


Item-to-Total Item t-Value of 
Correlation Reliability Factor 
.60 44 11.78 
‚56 45 11.41 
69 .59 14.21 
.66 53 13.40 
.58 .49 12.28 


Notes: Overall fit statistics: Cronbach's a = .82, construct reliability = .83, average variance extracted = .50, comparative fit index = .97, root 
mean square error of approximation = .08, and standardized root mean square residual = .04. 
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We assessed all outcome measures with single items on 
seven-point rating scales and captured them as the average 
across the last three years in relation to industry competitors 
(7 = “significantly above industry average,” and 1 = “signif- 
icantly below industry average"). We chose a three-year 
period to control for potential time lags in performance 
effects of customer prioritization (Reinartz, Krafft, and 
Hoyer 2004; Rust, Moorman, and Dickson 2002). 

With respect to the two control variables, we assessed 
each variable with two items (7 = “very extensively,” and 
1= “not at all") that capture the extent to which firms valu- 
ate their customers on the basis of (expected) sales and 
(expected) costs of serving customers. For further analysis, 
we averaged the two items for each construct. Table 4 
shows summary statistics for the constructs of the first 
framework and the correlation matrix. 

For the construct prioritization strategy, we used a 
reflective multi-item scale. We also measured the seven 
supporting factors of customer prioritization with reflective 
multi-item scales. We developed these scales on the basis of 
an extensive literature review (e.g., Jayachandran et al. 
2005; Noble 1999; Reinartz, Krafft, and Hoyer 2004; Shah 
et al. 2006). 

The results of the corresponding confirmatory factor 
analyses show that, with few exceptions, our scales exhibit 
desirable psychometric properties (see the Appendix). In 
addition, we used Fornell and Larcker's (1981) criterion to 
assess discriminant validity among the constructs of our 
second framework. The results indicate that there are no 
problems with respect to discriminant validity. For the sec- 
ond framework, Table 5 shows summary statistics for each 
construct and the correlation matrix. 


Results 


Performance Outcomes 
We estimated the structural equation model reported in Fig- 
ure 3 using LISREL 8.72 (Jóreskog and Sórbom 1996). The 
fit statistics indicate an acceptable fit of the model with the 
data (X2/d.f. = 1.52, comparative fit index = .90, root mean 
square error of approximation = .052, and standardized root 
mean square residual = .075).4 

H; predicts a positive effect of customer prioritization 
on the average customer satisfaction of top-tier customers. 
This hypothesis is confirmed because the parameter esti- 





4We tested our proposed framework against four rival models. 
In particular, we checked alternative ways through which customer 
prioritization and relationship characteristics of top-tier and 
bottom-tier customers might affect average sales per customer We 
began with a rival model that assumes seven direct effects of cus- 
tomer prioritization and relationship characteristics of top-tier and 
bottom-tier customers on average sales per customer (Lacey, Suh, 
and Morgan 2007; Morgan and Hunt 1994). Then, we constructed 
the two mediating chains in three steps by sequentially defining 
relationship characteristics as mediators. The results show that 
none of these four models lead to a better fit with respect to the 
¥2/d.f. value, the comparative fit index, the root mean square error 
of approximation, the standardized root mean square residual, and 
Akaike's information criterion. 


mate is positive and significant (B5, = .26, р < .01). Нз pre- 
dicts a negative effect of customer prioritization on the 
average customer satisfaction of bottom-tier customers. The 
parameter estimate is negative but not significant (Bs; — 
—07, p > .10). Thus, we find no support for Н2.5 

As we argued previously, customer prioritization should 
also enhance the efficiency of CRM. Accordingly, H5 pre- 
dicts that customer prioritization leads to lower marketing 
and sales costs in relation to sales. Because the correspond- 
ing parameter estimate is negative and significant (Ви = 
—.17, р < .05), На is confirmed. 

For both customer tiers, H44 and Hy, posit positive 
effects of average customer satisfaction on average cus- 
tomer loyalty and of average customer loyalty on average 
share of wallet. For top-tier customers, the corresponding 
estimates are positive and significant (B32 = .20, B43 = .31; 
p < .01), in support of Нда; and Нау. The same holds for 
bottom-tier customers: Нас) and Hag; are supported 
because the corresponding parameter estimates are positive 
and significant (Ве; = .37, B76 = .45; p < .01). 

In addition, H4, predicts positive effects of average 
share of wallet on average sales per customer, which is sup- 
ported for top-tier customers (Вал = .16, p < .05) but not for 
bottom-tier customers (Bg; = .05, р > .10). Thus, Hac is 
supported, but Нас) is not. 

These results have implications for the overall effect of 
customer prioritization on average sales per customer. Àn 
overall positive effect would occur if the positive effect of 
customer prioritization through the relationship characteris- 
tics of top-tier customers outweighed the supposed negative 
effect through the relationship characteristics of bottom-tier 
customers (Figure 1). 

For top-tier customers, the results show that all path 
coefficients along the chain are positive (Во: = .26, Ва; = 
20, Ваз = .31, and Вал = .16) and significant (at least p < 
.05). Thus, average sales per customer are positively 
affected by top-tier customers' average share of wallet, 
which itself is positively affected by customer prioritization 
through customers' average satisfaction and loyalty. For 
bottom-tier customers, however, the effects of customer pri- 
oritization on average customer satisfaction (Bs; = —.07) 
and of average share of wallet on average sales per cus- 
tomer (Bg; = .05) are not significant (р > .10). Thus, the 
results indicate a positive indirect effect of customer priori- 
tization on average sales per customer through relationship 
characteristics with top-tier customers but no indirect effect 
through those with bottom-tier customers (Shrout and Bol- 
ger 2002; Ye, Marinova, and Singh 2007). 

Furthermore, the results indicate that average sales per 
customer are positively related to average customer prof- 


5We acknowledge that for bottom-tier customers, there might be 
reasons for a potential decline in customer loyalty and share of 
wallet other than satisfaction, such as getting a better deal with a 
competitor. However, additional analyses show that the results 
with respect to the effect of customer prioritization on bottom-tier 
customers' satisfaction, loyalty, and share of wallet are not sub- 
stantially altered when we control for competitive intensity, the 
availability of other supplers, and the importance of the good/ 
service for the customer. 
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TABLE 5 
Framework 2: Correlations and Summary Statistics 











Correlations 
Variable 1 2 3 4 5 6 7 8 9 
1. Prioritization strategy 1.00 
2. Customer prioritization 59 1.00 
3. Ability to assess customer profitability 22 Зо 1.00 
4. Quality of customer information .46 ‚32 54 1.00 
5. Selective organizational! alignment .59 ‚64 .22 .29 1.00 
6. Selective senior-level involvement .62 .26 12 10 68 1.00 
7. Selective elaboration of planning and control .37 41 23 21 49 35 1.00 
8. Compensation according to prioritization outcomes .28 -35 14 35 26 -.16 29 1.00 
9. Prioritization-consistent shared bellefs .48 42 18 .26 .39 .24 .28 .14 1.00 
Summary Statistics 
M 5.56 3.99 456 471 4.72 532 432 332 5.05 
SD 1.08 1.27 149 147 1.39 1.36 167 1.47 1.41 





itability (Bog = .32, р < .01) and that marketing and sales 
costs in relation to sales are negatively related to average 
customer profitability (Bo ;; = —15, р < .05). Finally, aver- 
age customer profitability is positively related to return on 
sales (Во = .35, p < .01). 

With respect to the control variables, both are positively 
related to customer prioritization (ү = .15, р < .10; ү] = 
.29, p < .01). Except for a negative effect of customer valu- 
ation based on past customer profitability on marketing and 
sales costs in relation to sales (7111 = —15, р < .10), there 
are no significant effects on performance outcomes (7781, Yg2, 
Yor» 192; and 7112; p > .10). 

These results are important because marketing-mix 
intervention models in CRM are often subject to endogene- 
ity (Boulding et al. 2005; Rust and Chung 2006). This 
phenomenon occurs because CRM strategies are often 
formed on the basis of expectations about future customer 
profits. Therefore, we controlled for customer valuation 
criteria as antecedents of customer prioritization. Ап endo- 
geneity problem would occur when these antecedents also 
affect customer profitability. Because this is not the case, 
endogeneity is not a major problem in our model (Boulding 
et al. 2005; Echambadi, Campbell, and Agarwal 2006; Hitt, 
Boyd, and Li 2004). To summarize, the results indicate that 
customer prioritization implies a higher return on sales as 
average customer profitability is increased (1) by indirectly 
increasing average sales per customer through top-tier cus- 
tomer relationship characteristics and (2) by decreasing 
marketing and sales costs in relation to sales: 


Implementation issues 


Before testing the corresponding hypotheses, a descriptive 
result of our analysis is worth mentioning. The results indi- 
cate that 8396 of the firms in our sample intend to prioritize 
their customers to a high extent (i.e., having a mean rating 
across the items for "prioritization strategy" 25 on a seven- 
point scale). In contrast, only 3896 indicate that they actu- 
ally prioritize customers to a high extent (i.e., having a 
mean rating across the items for "customer prioritization" 
25 on a seven-point scale). Thus, the descriptive results 


indicate a substantial implementation gap between intended 
and actual customer prioritization. 

To test Hs, в, we assessed the influence of the seven 
moderator variables on the link between prioritization strat- 
egy and customer prioritization. We performed multiple- 
group LISREL (Jóreskog and Sórbom 1996) for each mod- 
erator and compared the link between prioritization strategy 
and customer prioritization in two conditions: when the val- 
ues of the moderator variable are low and when the values 
are high. We used a median split to identify the respective 
groups.Ó 

We compared two models for each moderating effect. 
The two models differ only with respect to the effect of pri- 
oritization strategy on customer prioritization. The first 
(general) model allows the effect of prioritization strategy 
on customer prioritization to vary across groups (high ver- 
sus low moderator value). The second model restricts this 
effect to be equal across groups. 

We tested whether the imposition of the equality con- 
straint leads to a model that fits the data significantly worse 
than the unrestricted model. This would indicate the pres- 
ence of a moderating effect. The significance of the change 
in model fit is assessed by the chi-square difference 
between the general and the restricted model. Because the 
difference in degrees of freedom between both models is 1, 
the critical value for the chi-square statistic is 3.84 (p < 
.05). 


6Prior work has frequently used median splits in similar analy- 
ses (e.g., Palmatier, Scheer, and Steenkamp 2007). To analyze 
whether the results remain stable when other split criteria are used, 
we conducted a sensitivity analysis. We conducted three other 
splits to identify groups of high and low value of the moderator: 
by comparing (1) the top 45% and the bottom 45% (i.e., eliminat- 
ing 10% of the cases around the median), (2) the top 40% and the 
bottom 40%, and (3) the top 33% and the bottom 33%. We then 
performed multiple-group LISREL for each moderator using these 
different split criteria. The results across all analyses remain 
stable. 
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FIGURE 3 
Performance Outcomes of Customer Prioritization: Results of Model Estimation 
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For all seven moderators, the results show that the link Discussion 


between prioritization strategy and customer prioritization 
is stronger when the moderator value is high (see Table 6). 
Furthermore, the chi-square statistic is significant at the 1% 
level for the ability to assess customer profitability (Ay? = 
12.94), the quality of customer information (Ах? = 7.02), 
selective organizational alignment (А2 = 7.54), selective 
senior-level involvement (Ay? = 7.65), and selective elabo- 
ration of planning and control (Ay? = 10.81). These five fac- 
tors have a positive moderating effect on the link between a 
prioritization strategy and customer prioritization. Thus, 
Hs, , are supported. With respect to compensation accord- 
ing to prioritization outcomes, we find a weak positive 
moderating effect (Ay? = 2.79, р < .10). Thus, there is only 
weak support for Hsc. Regarding the moderating effect of 
prioritization-consistent shared beliefs, the chi-square sta- 
tistic is not significant (Ay? — 2.15, p » .10), and therefore 
Hs, is not supported. Table 6 shows the results of the 
multiple-group analyses. 
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Hesearch Issues 


The point of departure of this study was the question 
whether firms should prioritize their customers. Although it 
seems to be common sense that prioritizing customers can 
enhance profits, this has been frequently challenged by sub- 
stantial counterarguments (e.g., Brady 2000; Kumar and 
George 2007). In addition, prior research has not satisfacto- 
rily answered the question whether customer prioritization 
really pays off. 

Based on a cross-industry sample including B2B and 
B2C markets, our findings show that customer prioritization 
positively affects firm profits compared with treating all 
customers equally by two mechanisms. First, customer pri- 
oritization affects important customer relationship charac- 
teristics (customer satisfaction, customer loyalty, and share 
of wallet) of top- versus bottom-tier customers differently. 
Whereas prioritizing customers affects average satisfaction 


TABLE 6 
Results of Multiple-Group Analysis 


Link Between Prioritization Strategy and Customer Prioritization 
о АА Ls L a, 


Path Coefficient (у) x2 Difference 


Between General and 


Moderator Varlable Hypothesized Effect Group with Low Group with High Restricted Model 
(Hypothesis) of the Moderator Value of Moderator Value of Moderator (Ad.f. = 1) 
Abllity to assess customer 

profitability (Haa) + .30** .70** 12.94** 
Quality of customer 

information (Нар) + 38** 69** 7.02" 
Selective organizational 

allgnment (Нас) + 28** .65** 7.54** 
Selective senior-level 

involvement (Неа) + 33“ 70** 7.65** 
Selective elaboration of 

planning and control (Haa) + 33** 73** 10.81** 
Compensation according to 

prioritizatlon outcomes (Ну) + 44** 66** 2.79* 
Pnoritization-consistent shared 

beliefs (Нар) + 36** 56** 2.15ns. 


US MIB oor ——————  ——-+— 


*p < .10; Ay? > 2.71. 
**р < .01; Ax? > 6.63 
Notes: n.s. = not significant. 


of top-tier customers positively, the average satisfaction of 
bottom-tier customers is not negatively affected. Further- 
more, average sales per customer are positively affected by 
top-tier customers’ average share of wallet. The latter is 
positively affected by customer prioritization through aver- 
age satisfaction and loyalty of this tier. However, for 
bottom-tier customers, this indirect effect of customer pri- 
oritization on average sales per customer through important 
relationship characteristics is not significant. Second, cus- 
tomer prioritization increases average customer profitability 
because the former reduces marketing and sales costs in 
relation to sales. This increased efficiency of marketing and 
sales efforts leads to higher average customer profitability. 

Thus, our results show that customer prioritization 
allows for a simultaneous increase in financial returns 
through operational efficiencies and revenue enhancements 
by increasing top-tier customer satisfaction. This finding is 
important because prior work has stressed that there are 
conflicts between a revenue expansion and a cost reduction 
strategy (Rust, Moorman, and Dickson 2002). Furthermore, 
prior research has provided mixed results as to whether a 
dual emphasis on both enhances performance (Mittal et al. 
2005; Rust, Moorman, and Dickson 2002). 

Why does customer prioritization not negatively affect 
average customer satisfaction of bottom-tier customers? 
The confirmation/disconfirmation paradigm on customer 
satisfaction formation offers one potential explanation for 
this finding. According to this paradigm, satisfaction (or 
dissatisfaction) is the result of a cognitive and affective 
evaluation, in which the actual perceived performance is 
compared with a standard. The latter is affected by perfor- 
mance expectations and prior experiences with the focal 
firm or by external sources (e.g., Anderson and Sullivan 
1993; Oliver 1997). Usually, customers (especially in a 
B2B context) can assess more or less accurately how impor- 


tant they are to their suppliers. As this assessment affects 
performance expectations, bottom-tier customers should 
have lower expectation levels than top-tier customers. When 
a firm treats all customers equally, the performance deliv- 
ered to its bottom-tier customers is likely to be higher than 
necessary to meet their expectations. Thus, a reduction in 
performance for those customers to the level of their expec- 
tations may not influence satisfaction because no negative 
disconfirmation occurs. 

Another explanation for this finding might be that firms 
that prioritize customers might have sufficient marketing 
resources to maximize the profitability of top-tier customers 
and also to allocate sufficient marketing resources to ensure 
that the bottom-tier customers are not dissatisfied with the 
firm. Thus, when firms have sufficient resources, they might 
be able to “delight” the top-tier customers and to satisfy 
bottom-tier customers." 

Furthermore, we found no positive effect of average 
share of wallet of bottom-tier customers on average sales 
per customer. А potential explanation might be related to 
the criteria firms use to evaluate customers. Firms often rely 
on (potential) sales for customer valuation (see n. 2). Thus, 
the bottom tier should contain customers with fairly low 
(potential) sales volumes. Thus, an increase in average 
share of wallet of bottom-tier customers might not have a 
significant effect on average sales per customers because of 
the relatively low level of sales. 

Another key issue that our study addressed was the 
question of how firms can facilitate the implementation of a 
prioritization strategy. Research has shown that implemen- 
tation is a critical link between strategic initiatives and orga- 
nizational performance (Noble and Mokwa 1999). We find 





7We thank an anonymous reviewer for this idea. 
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that the positive relationship between a prioritization strat- 
egy and actual customer prioritization is stronger when 
important internal prerequisites are met (see Table 6). These 
results underscore the importance of empirical research on 
marketing implementation issues. 

In particular, the results show that the link between a 
prioritization strategy and customer prioritization is posi- 
tively moderated by the ability to assess customer prof- 
itability, the quality of customer information, selective orga- 
nizational alignment, selective senior-level involvement, 
selective elaboration of planning and control, and (to a 
lower extent) compensation according to prioritization 
objectives. However, although the link between a prioritiza- 
tion strategy and customer prioritization is stronger when 
there is a high degree of prioritization-consistent shared 
beliefs of customer-contact employees, the moderating 
effect on the strategy-implementation link is not signifi- 
cant. Therefore, the alignment of “hard factors” tends to be 
more important in implementing a prioritization strategy. 
This finding is particularly notable because research has 
increasingly focused on the role of "soft factors," such as 
culture, for the implementation of marketing strategies 
(e.g., Dobni and Luffman 2000). 


Limitations 


This study is also subject to several limitations, which in 
turn provide avenues for further research. First, our study 
uses data obtained from customers only to a limited extent. 
For example, it was not possible to validate average share of 
wallet with customer data because customers in our valida- 
tion sample were reluctant to provide such information. 
Further research in this field should use customer data to a 
greater extent to achieve a deeper understanding of the pro- 
cesses that drive customer reactions to customer prioritiza- 
tion. In this context, further research might address the 
effects of word of mouth in interactions of customers in dif- 
ferent tiers or with different prospects. 

Second, our study uses perceptual measures of perfor- 
шапсе outcomes to conduct a cross-industry study. 
Although we validate the managers' assessments of return 
on sales with secondary data and find a high convergence 
between both assessments, we cannot validate the man- 
agers' assessments of average customer sales and profitabil- 
ity as well as marketing and sales costs in relation to sales. 
Thus, further research might study performance outcomes 
of customer prioritization by using customer account data. 
However, such an approach would be practical only on a 
company level and would reduce the generalizability of the 
results. 

Third, we assess performance outcomes on the level of 
the entire customer portfolio. Further research could ana- 
lyze in greater detail how customer prioritization affects 
customer profitability in each tier. In particular, research 
could analyze whether customer prioritization enhances the 
profitability of both customer tiers and whether profitability 
changes in each tier are due to sales effects or cost effects 
(or both). Such an analysis would require detailed customer 
account data and therefore would be practical only by 
studying a limited number of companies. 
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Fourth, the focus of this study is on answering the fun- 
damental question whether customer prioritization in gen- 
eral pays off. Further research could examine in greater 
detail whether firms apply different approaches of customer 
prioritization (e.g., some firms might focus on prioritization 
in price, whereas others might focus on sales) and whether 
these different approaches lead to different performance 
outcomes. 

Fifth, with respect to the implementation of a prioritiza- 
tion strategy, we focus on a specific aspect of culture by 
addressing prioritization-consistent shared beliefs of 
customer-contact employees. However, organizational cul- 
ture is a more complex phenomenon consisting of values, 
norms, and artifacts (Schein 1992). Thus, further research 
could examine in greater detail the role of organizational 
culture in implementing a prioritization strategy. 


Managerial Implications 


A first implication of this study is that managers should 
strive for customer prioritization. The results indicate that 
customer prioritization positively affects average sales per 
customer. Our study shows that customer prioritization has 
a positive effect on the relationships with top-tier cus- 
tomers, but we do not find a negative effect on the relation- 
ships with bottom-tier customers or the entire customer 
portfolio. Therefore, customer prioritization enables firms 
to develop important relationships that ultimately drive 
sales and profitability. In this context, firms can use rela- 
tionship characteristics of top-tier and bottom-tier cus- 
tomers to monitor tier-specific outcomes of customer priori- 
tization. In addition, customer prioritization drives customer 
profitability by reducing marketing and sales costs and thus 
implies a more efficient use of marketing resources. Thus, 
Managers can simultaneously enhance the efficiency of 
their CRM efforts and increase sales by prioritizing 
customers. 

Second, our study shows that a prioritization strategy 
in itself does not necessarily mean that a firm will imple- 
ment it. Our results imply that firms should meet impor- 
tant prerequisites for achieving the implementation of a 
prioritization strategy. We find that the ability to assess cus- 
tomer profitability and a selective elaboration of planning 
and control have the highest impact on the strategy— 
implementation link. Therefore, strong emphasis should be 
placed on planning and control on a customer (segment) 
level for the most valuable customers and on the assessment 
of customer profitability. In addition, firms should assist 
prioritization efforts by aligning their organizational struc- 
ture, for example, by creating customer-responsive units for 
the most valuable customers. Furthermore, senior-level 
management should especially be involved in CRM for the 
most valuable customers. Our study also shows that firms 
need to have broad and up-to-date customer-based informa- 
tion to be able to address their most important customers' 
needs appropriately. With respect to reward systems, we can 
conclude that incorporating performance outcomes of cus- 
tomer prioritization in a variable compensation scheme 
facilitates implementation. Thus, managers should place a 
strong emphasis on the alignment of hard factors when 
implementing a prioritization strategy. 


APPENDIX 
Scale Items for Construct Measures 








Composite 
Individual Average Relíabllity/ 
Item Varlance Coefficient 
Construct Items Reliabllity Extracted Alpha 
Customer To what extent do you differentiate between 
Prioritization customers/customer segments in relation to the following 
їп... aspects? 
Producta *Offer of goods/services .55 .64 .84/.83 
«Offer of individualized goods/services .79 
Offer of additional services . 58 
Price® ePrice level 46 .60 .81/.79 
«Рпсе conditions (e.g., rebates, discounts) .86 
*Flexibility of payment targets .46 
Sales& eDistribution model (e.g., direct versus indirect, cross- 
functional teams for serving customers) 41 .50 74.71 
*Quality of the sales personnel 35 
«Frequency of contacts Initiated by the sales force .73 
Ргосеззеза *Rapidity of processes .86 .76 .90/.90 
*Flexibility of processes .85 
«Transparency of processes .65- 
Communications — «Quality of Information given to the customers 72 .63 .83/.83 
eTiming of Information transfer 77 
*Costs of communication efforts .60 
Prloritization Our customer management strategy states that ... 
«Specific customers/customer segments obtain priority. ‚66 ‚55 .88/.88 
«Customers/customer segments are served differently accord- 
Ing to their Importance, 55 
*The allocation of marketing and sales resources to 
customers/customer segments depends on their Importance. 61 
«The form of customer care is differentiated according to the 
Importance of customers/customer segments. .62 
We Invest In Important customers/customer segments. 44 
*We want to build long-term relationships with Important 
customers/customer segments. 42 
With respect to the design of your information systems, to 
what extent do you agree with the following statements? 
Ability to Assess «Мө can assess sales for different customers/customer 
Customer segments. .26 54 .82/.82 
Profitablllty® *We can assess costs of goods sold for different 
А customers/customer segments. .58 
eWe can assess costs of customer care for different 
customers/customer segments. 71 
*We can allocate indirect costs of customer care to each 
customer (segment) by using activity-based costing. 61 
Quality of Ме have a lot of qualitative data to determine the importance 
Customer of customers/customer segments (e.g., reference Impact, 
Information! information provided by the customers). 46 ‚64 .84/.82 


*We have a very broad information base about our 
customers/customer segments. 
«Ме update our customer information regularly. 


& 8 
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Continued 
————————————————_ N 
Composite 
Individual ^ Average  Reliability/ 
Item Variance Coefficient 
Construct Items Rellabilltly Extracted Alpha 
The more important the customers/customer segments are ... 
Selectlve *The more likely зрестс organizational units are Installed to 
Organizational serve them. 56 52 .81/.81 
Alignment *The more persons from different functions are Involved in 
serving them. .67 
*The shorter the internal paths of escalation in case of cus- 
tomer Inquirles are. 53 
*The easier it is for our employees in customer care to get the 
necessary Input from other functional units (e.g., research 
and development, production, logistics, information 
technology). 32 
Selective *The more centralized decision competencies are. — — —L75 
Senior-Level *The more involved the top management is In CRM. — 
Involvement? 
Selective *The more often the control of planning and implementation of 
Elaboration of customer- (segment-) specific actions is conducted. .74 77 .91/.91 
Planning and *The smaller critical discrepancies from planning figures are. ‚74 
Control *The more detailed the control of planning and Implementation 
5. .83 
Compensation How much are the following aspects considered in your 
According to variable compensation scheme? 
Priorttlzation 
Objectivesc *Customer profits (sales less variable costs and fixed costs of 
production and sales) of high-priority customers/customer 
segments. 58 57 .87/.86 
*Share of sales of high-priority customers/customer segments. 44 
*Share of customer profits of high-priority customers/customer 
segments. 71 
*Satisfaction of high-priority customers. .46 
*Loyalty of high-pnority customers. ‚67 
Prioritization- How typical are the following statements for the thinking of 
Consistent your employees in customer care? 
Shared Bellefs¢ 
*Important customers/customer segments have to get more 
attention than less important ones. 45 .66 .85/.94 
ĦA differentiated approach of customer care helps us to better 
exploit the potential of each customer (segment). 71 
*Clearly defined priorities concerning customers/customer seg- 
ments are a means of augmenting the efficiency of customer 
care. 83 


APPENDIX 


eee 
@Seven-point rating scales anchored by 1 = “not at all—we treat all customers equally” and 7 = “very much with respect to their importance” 
bSeven-polnt rating scales anchored by 1 = "totally disagree" and 7 = "totally agree? 

cSeven-point rating scales anchored by 1 = "not at аР and 7 = "very much" 


—————————— —— 
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How Customer Portfolio Affects New 
Product Development in Technology- 
Based Entrepreneurial Firms 


This article focuses on how the customer portfolios of technology-based entrepreneurial firms affect new product 
development. Drawing on knowledge-based, resource dependence, and relational theories, the authors argue that 
the impact of a firm's customers on new product development depends on the size and relational embeddedness 
of the customer portfolio and the extent to which the firm is dependent on one or a few dominant customers for a 
majority of its revenues. The authors test the research model using longitudinal data on young firms operating in 
business-to-business markets in six technology-based industries. The results indicate that customer portfolio size 
has an inverse U-shaped relationship to the number of new products developed and that the more relationally 
embedded the customer set, the more new products the firm develops. Dependence stemming from revenue 
concentration has a negative impact on new product output. Furthermore, the authors find that relational 
embeddedness can compensate for too small of a customer portfolio and can help offset the negative effects of a 
highly concentrated portfolio. These results make important theoretical and empirical contributions to the new 
product development literature, helping uncover some of the antecedents of innovative productivity particularly 
relevant for young, technology-based firms. The results also contribute to the broader discourse on how customers 
affect new product development. 
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dependence 
irms introduce new products to stay competitive and However, these factors are of limited relevance for 
to meet the constantly changing market needs. The young firms. Such firms are typically small, do not have 
ability to develop new products is particularly vital existing investments to cannibalize or resources for con- 
for survival and growth in technology-based industries, in ducting acquisitions, have organizational capabilities and 
which competitive technologies abound and customer needs structures that are still emerging, and do not have enough 


can develop and change rapidly (Shan, Walker, and Корш market share to exert market power. Yet young firms can 
1994; Sivadas and Dwyer 2000). Since the pioneering work successfully develop and introduce new products (Katila 
of Schumpeter (1942), the sources of innovation have been and Shane 2005), thus raising the question, What explains a 
extensively studied in the fields of marketing and manage- young firm's capability to innovate? 

ment. Studies have established that factors such as firm size Recent research has suggested that the answer could lie 
(e.g., Scherer 1980), a firm's willingness to cannibalize its in external relationships. Scholars have examined how vari- 
own investments (Chandy and Tellis 1998), acquisitions ous kinds of interorganizational relationships enable firms 
(Prabhu, Chandy, and Ellis 2005), organizational capabili- to gain access to other organizations’ knowledge bases and 
ties and structures (e.g., Moorman and Slotegraaf 1999; resources (Jarillo 1987; Varadarajan and Cunningham 1995) 
Olson, Walker, and Ruekert 1995), and market dominance and have argued that such access can enable novel connec- 
(Sorescu, Chandy, and Prabhu 2003) all affect a firm's tions (Kogut and Zander 1992), stimulate broader perspec- 
capability to innovate. tives and synthesis (Dewar and Dutton 1986), and spread 
out the risks and costs associated with innovation (Sivadas 
and Dwyer 2000). This translates into benefits for a firm's 
innovative capability, which is observable as outcomes such 
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ence (Jarillo 1989) and for those in technology-based indus- 
tries, in which knowledge creation and application are key 
to achieving competitive advantage (Eisenhardt and Schoon- 
hoven 1990; Sorensen and Stuart 2000). 

Of all the relationships a firm has with other organiza- 
tions, whether formal alliances or channel exchanges, its 
customer relationships are the most central to its profit- 
generating purpose and market value (Gupta, Lehmann, and 
Stuart 2004; Srivastava, Shervani, and Fahey 1998). How- 
ever, although alliances have received significant attention 
in the literature, the role of customers on a firm's new prod- 
uct development is still surprisingly ambiguous. Whereas 
the market orientation literature supports the notion that 
customer-oriented behavior yields greater success with new 
product development (e.g., Griffin and Hauser 1993; Im and 
Workman 2004; Joshi and Sharma 2004), others have cau- 
tioned that firms that listen too carefully to their existing 
customers fail to be innovative (Christensen and Bower 
1996; Leonard-Barton and Doyle 1996; MacDonald 1995). 
A well-known stream of research by Von Hippel and col- 
leagues (Franke, Von Hippel, and Schreier 2006; Von Hip- 
pel 1986, 1988) has emphasized the importance of involv- 
ing particular *lead-user" customers in the innovation 
process. 

In this article, we uncover how the customer portfolios 
of young, technology-based firms influence the firms’ new 
product development output. Our research model integrates 
insights from knowledge-based, resource dependence, and 
relational perspectives and argues that the impact of a 
young, technology-based firm's customers on new product 
development depends on the size, revenue concentration, 
and relational embeddedness of the customer portfolio. We 
first discuss the effects of portfolio size, addressing the 
question whether it is always better to have more customers. 
We then argue that new product development is also 
affected by how evenly a firm's revenues are spread across 
the customer portfolio and the relational embeddedness of 
customer relationships. Finally, we examine interaction 
effects among the portfolio characteristics to explain how 
relational embeddedness may compensate for an otherwise 
suboptimal customer portfolio. We test our hypotheses with 
longitudinal data on young, technology-based firms operat- 
ing in business-to-business markets in six industries in the 
United Kingdom. 

Our level of analysis is the firm and its customer set.! 
By taking a portfolio approach, we expand on previous 
research that has focused on the effects of select influential 
customers or partners on specific new product development 
projects (Bonner and Walker 2004; Ganesan, Malter, and 
Rindfleisch 2005; Rindfleisch and Moorman 2001; Sivadas 
and Dwyer 2000). Our approach enables us to examine the 
broader, collective effects of a firm's customer set on its 





IThe term “customers” refers to the next channel members in 
the value chain—that is, the parties to which the firm sells to gen- 
erate revenues. Customers may or may not be the end users of the 
product. 
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new product development as a whole, and we answer recent 
calls by marketing scholars for studying exchange relation- 
ships at the portfolio level (Johnson and Selnes 2004; 
Wuyts, Dutta, and Stremersch 2004). 

Our focus is on the new product development portion of 
the innovation process. That is, if innovation is conceptual- 
ized as encompassing all the stages from idea generation 
and concept design; to prototype development and testing; 
to market launch, sales, and marketing; and finally to adop- 
tion by customers (Katila and Shane 2005; Schon 1967), we 
constrain our scope to examining the prelaunch part of this 
process and accordingly use the term "new product devel- 
opment" to refer to it. Doing so enables us to focus on the 
key phenomenon of interest—how customers affect new 
product development— without the potentially confounding 
effects of the commercialization and adoption process. For 
young, technology-based firms, commercialization typi- 
cally involves long sales and implementation cycles, heavy 
reliance on commercial partners, and high levels of uncer- 
tainty due to rapidly changing competitive technologies and 
industry standards (Oakey 1995; Teece 1986); these factors 
could obscure the effects of customers on new product 
development. 

Prior research has used several proxies to measure a 
firm’s research-and-development (R&D) output, such as the 
number of scientific publications, patents, or new products 
(e.g., Katila and Ahuja 2002; Shan, Walker, and Kogut 
1994; Sorescu, Chandy, and Prabhu 2003). Following 
precedent, we focus on the number of new products devel- 
oped by the young, technology-based firms.2 This measure 
represents the potential commercial value of a firm’s R&D 
activities (Katila and Ahuja 2002) and is a highly relevant 
metric for young, technology-based firms; it has been asso- 
ciated with sustained growth, profitability, and survival of 
such firms (Schoonhoven, Eisenhardt, and Lymman 1990; 
Stalk and Hout 1990; Zahra and Bogner 2000). 

This article makes three unique contributions to the new 
product development literature. First, we attempt to uncover 
antecedents of new product development in a context 
(young, technology-based firms) in which many of the 
extant perspectives on sources of innovation are not applic- 
able. Young, technology-based firms have been shown to be 
an important driver of technological renewal in an econ- 
omy; they complement large firms in innovation networks 
(Rothwell 1983), give birth to new industries (Rothwell 
1991), create new employment (Kirchhoff 1994), and offer 
opportunities for wealth creation for entrepreneurs and 
investors (Cooper 1986). New product development is both 
critical and particularly challenging for these types of firms 
because they operate with limited resources and organiza- 
tional capabilities in dynamic, knowledge-intensive envi- 
ronments. Thus, understanding the antecedents of innova- 





2Our use of the term “new product” encompasses all new offer- 
ings that a firm develops whether they are new products, new tech- 
nologies the firm can license out, or new services. 


tion for young, technology-based firms is highly valuable, 
not only from the entrepreneurs’ perspective but also from 
the perspective of incumbent firms, policy makers, and 
investors. 

Second, we extend the research on interorganizational 
relationships and new product development beyond the con- 
text of formal alliances. In formal alliances, the participat- 
ing organizations have the common goal of acquiring and 
using information and know-how for new product develop- 
ment (Rindfleisch and Moorman 2001); such alliances have 
received the bulk of attention in the literature (e.g., Hage- 
doorn and Schakenraad 1990; Wuyts, Dutta, and Stremer- 
sch 2004). However, there is a paucity of research on firms’ 
interorganizational knowledge acquisition beyond formal 
alliances and the effects of such informal information shar- 
ing on new product development (Ganesan, Malter, and 
Rindfleisch 2005). Prior research has indicated that during 
the course of conducting business, a firm is likely to acquire 
significant amounts of external knowledge from its 
exchange partners (Allen 1979; Von Hippel 1987) and that 
such knowledge acquisition may be more prevalent than the 
learning that takes place through formal alliances (Ganesan, 
Malter, and Rindfleisch 2005). We contribute to this litera- 
ture by investigating how a firm’s portfolio of customer 
exchange relationships influences new product output. 

Third, our research contributes to the broader discourse 
on the role of customers in innovation by developing a theo- 
retically grounded research model and providing empirical 
evidence to elucidate some of the ways a firm's customer 
portfolio affects its new product development. Our focus on 
the firm's aggregate new product development output and 
its entire customer portfolio complements the prior litera- 
ture on the impact of lead users (Franke, Von Hippel, and 
Schreier 2006; Von Hippel 1986) or influential customers 
(Bonner and Walker 2004; Yli-Renko, Sapienza, and Hay 
2001) in new product development. 


Theory and Hypotheses 


The Role of Customers in New Product 
Development 

Customer involvement has been shown to improve the 
effectiveness of new product development (Cooper and 
Kleinschmidt 1987; Griffin and Hauser 1996). As buyers of 
current and future products, customers contribute to all 
three phases of the new product development process: idea 
generation, development, and testing (Lettl, Herstatt, and 
Gemuenden 2006). First, in the idea generation phase, cus- 
tomers are often the source of new product ideas, particu- 
larly in business-to-business settings (Von Hippel 1978). 
Customers face problems with the existing solutions in the 
marketplace, which leads them to search for new technolo- 
gies and products through discussions with suppliers. For 
ideas originating with suppliers, customers provide impor- 
tant input into the market research process used to evaluate 
and refine new product ideas (Griffin and Hauser 1993). 
Second, in the development stage, customers often play an 
important part in building and organizing the network of 
organizations participating in the innovation. Rarely is new 


product development confined to one firm; rather, it is typi- 
cally conducted as a collaboration among technology 
experts, customers, and suppliers (Chesbrough 2003; Von 
Hippel 1988). Customers often play a central role in the 
establishment of these innovation networks. Because they 
stand to benefit from the new product by obtaining a solu- 
tion to their needs, customers are willing to participate 
actively in the development process, bringing in required 
resources, industry contacts, or complementary technolo- 
gies. Customer involvement may improve the efficiency of 
the process by decreasing the development time and costs 
(Lettl, Herstatt, and Gemuenden 2006) and improving the 
decision quality in the process (Griffin and Hauser 1993). 
For example, early negative feedback can be used to redi- 
rect a project. Third, iu the testing phase of new product 
development, customers can serve as the testing ground for 
the new product's relevance and acceptance 1n a variety of 
user contexts. 

Given the important contributions customers can make 
to new product development, how should a firm manage its 
customer portfolio? In the next section, we address this 
question by developing hypotheses pertaining to (1) the size 
of the customer portfolio, (2) revenue concentration within 
the portfolio (i.e., the extent to which a firm is dependent 
on one or a few key customers for the majority of its reve- 
nues), and (3) the relational embeddedness of customer 
relationships. 


Size of the Customer Portfolio 


In the alliance literature, the size of a firm’s R&D alliance 
portfolio has been found to have a positive effect on innova- 
tion (Pennings and Harianto 1992; Powell, Koput, and 
Smith-Doerr 1996; Shan, Walker, and Kogut 1994). The 
underlying rationale is that a larger portfolio provides more 
exposure to external knowledge bases (Dewar and Dutton 
1986), leads to scale effects in development (Ahuja 2000), 
and enables the firm to learn to better extract value from its 
interfirm agreements (Gulati, Nohria, and Zaheer 2000). 
Applying this logic to customer relationships would suggest 
that the more customers a firm has, the broader is the exter- 
nal information base available to the firm, the more new 
ideas for products it is likely to get, the larger is the number 
of customers involved in development projects, and the 
more customer settings are available for testing the applica- 
bility and functionality of the new product. These benefits 
should enable a firm to develop new products more quickly 
and cost effectively, resulting in an increased number of 
new products. 

However, as the number of customer relationships 
increases, firms are likely to face difficulties in effectively 
using those relationships for new product development. 
Two mechanisms underlying these difficulties are transac- 
tion costs and limited available managerial attention. First, 
significant costs are involved with building and managing a 
large customer portfolio. An understanding of these costs 
has led marketing scholars to move away from focusing on 
customer portfolio growth to emphasizing the importance 
of retaining and deepening a firm’s existing customer rela- 
tionships (e.g., Morgan and Hunt 1994; Palmatier et al. 
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2006; Storbacka, Strandvik, and Grönroos 1994). By focus- 
ing its efforts on the limited number of existing customers, 
a firm can decrease the search and acquisition costs for new 
customers and reduce administrative transaction costs by 
achieving economies of scale within exchange relationships 
(Barringer 1997). If a firm can sell as much to one customer 
as to ten others, the firm will spend fewer resources on cus- 
tomizing design, delivery, and service or on negotiating, 
implementing, and managing exchange relationships 
(Kalwani and Narayandas 1995). We also expect these 
transaction costs to come into play when a firm uses cus- 
tomer relationships for new product development. As a 
firm's customer base grows beyond a certain point, the mar- 
ginal benefit the firm can achieve for new product develop- 
ment from each additional customer is likely to be negated 
by the costs involved with managing the increasing number 
of relationships. 

Second, firms are limited in the amount of managerial 
attention devoted to using external sources of knowledge 
for new product development (Koput 1997). This is a par- 
ticularly relevant issue in young, technology-based firms 
with small, often-inexperienced management teams. Having 
too many customers can result in information overload and 
confusion (Ahuja and Lampert 2001) because management 
spreads its attention and efforts across a broad set of cus- 
tomer information sources. In other words, the firm has lim- 
ited “absorptive capacity” (Cohen and Levinthal 1990) to 
take in new ideas, to choose between those ideas, and to 
devote the required attention and effort to bring the ideas 
into implementation (Koput 1997). 

Thus, we propose that there is an inverted U-shaped 
relationship between the size of a firm’s customer portfolio 
and its new product output. Customer relationships serve as 
an important source of knowledge and resources, and the 
larger the customer set, the more benefits are potentially 
available. However, we expect this relationship to exhibit 
diminishing and eventually decreasing returns; that is, if the 
number of customer relationships grows beyond a certain 
point, transaction costs and limited managerial capacity will 
begin to hinder the firm’s ability to extract value from cus- 
tomer relationships for new product development. Thus: 


Hı: The relationship between the size of a firm's customer 
portfolio and the number of new products developed by 
the firm has an inverted U shape. 


Revenue Concentration Within the Customer 
Portfolio 


Beyond size, an important characteristic of a firm's cus- 
tomer portfolio is the extent to which the firm is dependent 
on one or a few key customers for the majority of its reve- 
nues. Although the marketing literature has extensively 
studied dependence and its antecedents and consequences 
in channel relationships (e.g., Anderson and Narus 1990; 
Ganesan 1994; Heide and John 1988), little work has been 
conducted to examine how dependence on exchange part- 
ners affects innovation. In the following discussion, we 
draw on resource dependence theory to discuss the effect of 
dependence stemming from highly concentrated revenues in 
a firm's customer set on new product development. 


134 / Journal of Marketing, September 2008 


Resource dependence theory posits that organizations 
are dependent on other players in their task environment for 
essential inputs, such as capital, materials, know-how, and 
reputation. These resource interdependencies with other 
organizations are viewed as constraints and restrictions 
(Jacobs 1974); that is, being dependent on an exchange 
partner means that the partner has increased bargaining 
power (Emerson 1962). Therefore, to survive and succeed, 
firms should take action to minimize threats to organiza- 
tional autonomy and attempt to control the resources 
needed by other organizations to make others more depen- 
dent on themselves (Aldrich 1979; Pfeffer and Salancik 
1978). 

Prior research has shown that firms—in particular, 
young, technology-based firms—often become dependent 
on dominant customers who account for a disproportion- 
ately large share of a firm's revenues (Venkataraman et al. 
1990; Yli-Renko, Autio, and Sapienza 2001; Yli-Renko, 
Sapienza, and Hay 2001). Studies have indicated that this 
dependence may have significant outcomes for a firm. For 
example, dependence may isolate a firm and prevent its 
reputation from spreading in the industry (Uzzi 1997) and 
decrease the firm's chances of survival (Venkataraman et al. 
1990). Dependence implies that a key customer can exert its 
power over the firm, resulting in a loss of organizational 
autonomy because the firm must consider the key customer 
in all its major decisions. Firms allocate resources to new 
product development projects on the basis of their cus- 
tomers' needs (Christensen and Bower 1996). Thus, if a 
firm is highly dependent on one or a few customers for its 
revenues, these customers are likely to drive its new product 
development efforts. Indeed, in a qualitative study of entre- 
preneurial firms, Fischer and Reuber (2004, p. 691) find 
that chief executive officers (CEOs) were cognizant of the 
dangers of dependence in terms of innovation, viewing 
themselves as being “їп a constant struggle with dominant 
customers to maintain control over the direction of innova- 
tion." Focusing on one or a few customers' needs is likely to 
constrain and hinder the firm's development efforts because 
the time and resources required to meet key customers' 
demands may curtail opportunities to develop new and 
diverse products for other customers or new markets. 
Development activities are more likely to be focused on 
customization of existing products and tailored to the 
unique needs of the specific customers (Fischer and Reuber 
2004). Dominant customers tie up managerial and technical 
attention, which limits the resources available for new prod- 
uct development projects, thus decreasing the productivity 
of the firm’s R&D and resulting in fewer new products. 
Thus: 


Но: The more concentrated a firm's revenues in its customer 
portfolio, the smaller is the number of new products 
developed by the firm. 


Relational Embeddedness of the Customer 
Portfolio 


Customer relationships can be characterized on a contin- 
uum ranging from impersonal, constantly shifting, arm’s- 
length ties to close, cooperative, relationally embedded 


relationships (Dwyer, Schurr, and Oh 1987; Larson 1992; 
Uzzi 1997). Arm's-length ties are characterized by discrete 
transactions, opportunistic profit-seeking behavior, and 
explicit contractual governance, whereas embedded ties 
typically involve a longer-term perspective, joint problem 
solving, trust, and reciprocity (Macneil 1980; Uzzi 1997). 
Research has shown that the nature of a firm's exchange 
relationships can have a significant impact on economic 
action and outcomes (Granovetter 1985). In particular, rela- 
tional embeddedness has been shown to facilitate informa- 
tion sharing among social actors (Granovetter 1973). For 
example, Rindfleisch and Moorman (2001) find that rela- 
tional embeddedness has a positive impact on information 
acquisition in new product development alliances. In a simi- 
lar vein, we argue that the quality of a firm's customer rela- 
tionships has a positive effect on new product development; 
the more cooperative and close the customer relationships 
are, the higher are (1) the incentives for, (2) the opportuni- 
ties for, and (3) the efficiency of knowledge exchange, 
resulting in an increased level of new product output. 

First, relational embeddedness increases the willingness 
of the exchange parties to share information (Larson 1992; 
Nahapiet and Ghoshal 1998). With a long-term perspective 
on the relationship, expectations of reciprocal benefits, and 
a low likelihood of opportunistic actions by the exchange 
partner, both the customer and the focal firm will be moti- 
vated to share information and engage in joint problem 
solving (Dyer and Singh 1998). The firms can try new 
things, experiment, and take risks in information sharing, 
leading to broader and more in-depth relational learning. 
The focal firm will be more willing to pursué new product 
ideas stemming from customer needs, and the customer will 
be more willing to assist the firm by providing knowledge 
and resources for the development process or by helping 
solve problems that arise. 

Second, the closer the firm and its customers are, the 
greater are the frequency and intensity of information 
exchange. Larson (1992) observes that the greater the social 
interaction of an entrepreneurial firm with an exchange 
partner, the more intense is the business-related exchange of 
information. Lane and Lubatkin (1998) argue that inter- 
active learning enables a firm to get close enough to acquire 
not just the observable but also the deeper, tacit components 
of knowledge. In a study of product development teams, 
Hansen (1999) finds that emotional closeness and frequent 
contact enhance the amount of complex knowledge 
transferred. 

Third, relational embeddedness increases the efficiency 
of information exchange. The closer the firm and its cus- 
tomers are, the Jess time is spent on monitoring and bar- 
gaining activities (Dyer and Singh 1998), and the more the 
parties can focus on information exchange and processing. 
Furthermore, the closer the firm and its customers are, the 
better they will understand each other's specialized systems, 
requirements, and capabilities and will be able to tap into 
the external knowledge more quickly (Dyer and Singh 
1998). 

In summary, relational embeddedness facilitates fre- 
quent and efficient knowledge acquisition from customers, 
resulting in benefits such as faster product development 


cycles, more informed decision making, and lower costs— 
all of which enable the firm to be more productive in its 
R&D activities, resulting in more new products. Thus: 


Нз: The more relationally embedded the firm's customer port- 
folio, the larger is the number of new products developed 
by the firm. 


Interaction Effects of Relational Embeddedness 


In addition to hypothesizing a direct effect of relational 
embeddedness on new product output, we examine whether 
relational embeddedness moderates the effects of portfolio 
size and revenue concentration on new product output. In 
doing so, we address the question, Can young, technology- 
based firms with suboptimally sized or highly concentrated 
customer portfolios use relational embeddedness to improve 
their new product output? 

In H,, we proposed that customer portfolio size has an 
inverse U-shaped relationship to new product output, argu- 
ing that firms with a moderate number of customers have 
the benefit of a sufficient number of external knowledge 
sources without being impeded by excessive transaction 
costs or dispersed managerial attention. We now address the 
problems associated with each end of the portfolio size con- 
tinuum and discuss how relational embeddedness may (or 
may not) help solve those problems. 

A young, technology-based firm with a small customer 
portfolio is limited in the number of available sources of 
new ideas and feedback for new product development. In 
this situation, relational embeddedness can help the firm 
make the most of the limited number of relationships. By 
increasing (ће incentives for, the opportunities for, and the 
efficiency of knowledge exchange (H3), a firm can derive 
more benefits from each relationship. Furthermore, strong 
relational ties with customers can be leveraged to gain 
access to the customers' industry networks (Yli-Renko, 
Autio, and Sapienza 2001); that is, the customers can serve 
as "bridging ties" (Granovetter 1973) for the young firm to 
tap into other, indirect sources of knowledge, effectively 
increasing the number of external sources of knowledge 
available. This translates into more new product ideas and 
more sources of feedback and assistance in R&D and there- 
fore should result in the young firm developing more new 
products. Thus, relational embeddedness can help a firm 
compensate for the downsides of a small customer 
portfolio. 

At the other end of the continuum, a firm with a large 
customer portfolio is likely to suffer from excessive transac- 
tion costs and thinly spread managerial attention. Embed- 
ded ties have lower contractual governance costs due to a 
decreased need for negotiating and monitoring activities 
(Beale and Dugdale 1975; Ring 1997) and therefore can 
help a firm more efficiently manage and extract value from 
a large portfolio. However, maintaining and building 
embedded ties involves significant time and effort from the 
young firm's management (Dwyer, Schurr, and Oh 1987; 
Uzzi 1997). Instead of contractual governance activities, 
management will focus on fostering social interactions, 
building trust, and maintaining continuous and frequent dia- 
logue with customers (Larson 1992). These activities will 


Customer Portfollo and New Product Development / 135 


give rise to some transaction costs and take up managerial 
attention. Thus, we expect relational embeddedness to have 
a less significant compensating effect for the problems 
associated with a large customer portfolio. That is, firms 
with a small customer portfolio will benefit more from fos- 
tering relationally embedded ties with their customers. For 
firms with a large customer portfolio, relational embedded- 
ness will have less of a positive impact on new product 
development. Thus: 
H4: The larger a firm's customer portfolio, the less positive is 
the relationship between relational embeddedness and the 
number of new products developed by the firm. 


In H5, we proposed that dependence on one or a few 
customers (measured as the degree of revenue concentra- 
tion in the firm's customer portfolio) has a negative 
effect on new product output. Next, we discuss the effects 
of relational embeddedness in high- and low-dependence 
situations. 

For highly dependent, young, technology-based firms, 
relational embeddedness is likely to benefit new product 
development by offsetting some of the risks and constraints 
of dependence. Close, cooperative relationships involve the 
exchange of reciprocal favors and a long-term time horizon 
(Larson 1992; Uzzi 1997). Because customers in close, 
cooperative relationships have an interest in the young, 
technology-based firm succeeding in the long run, they are 
more likely to provide assistance for new product develop- 
ment, even if it is not directly related to their current pur- 
chasing needs. Furthermore, norms of mutual adjustment 
and concern in the relationship decrease the likelihood that 
a customer will exert market power and take opportunistic 
actions to the detriment of the young firm (Ring and Van de 
Ven 1994), resulting in fewer constraints on the young 
firm's innovative autonomy. In line with this reasoning, the 
CEOs of young firms in Fischer and Reuber's (2004) quali- 
tative study identified "developing close relationships" as 
one of the key tactics they employed to deal with a cus- 
tomer's dominance over innovation. Developing a deeply 
embedded relationship with a dominant customer enables 
the firms to maximize learning benefits from the relation- 
ship (H3) and increases governance flexibility and continu- 
ity in the relationship (Fischer and Reuber 2004). Such 
benefits enable a young, technology-based firm to develop 
more new products because the firm can better leverage 
knowledge acquired from its key customers and is freer to 
pursue its own innovative agenda without being limited by 
constraints set by key customers. 

For firms whose revenues are evenly spread across the 
customer base, resulting in a low level of revenue depen- 
dence on any given customer, relational embeddedness is 
not as critical. À particular customer is not likely to domi- 
nate innovative activities, because the firm spreads its activ- 
ities more evenly across the customer base. Thus, such 
firms face Jower risks of opportunism and fewer constraints 
on organizational autonomy and therefore have less to gain 
from embedded customer ties than firms with highly con- 
centrated revenues (Yli-Renko, Sapienza, and Hay 2001). 

Therefore, we propose that relational embeddedness of 
customer ties has a stronger impact on new product devel- 
opment for firms with a high level of dependence on reve- 
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nues from one or a few customers than for firms with a low 
level of dependence. This interaction effect arises from the 
norms of reciprocity, continuity, and governance flexibility 
in embedded relationships that help buffer a young firm 
from the risks and constraints of dependence and help 
maintain a higher level of new product output. Thus: 


Hs: The higher the level of revenue concentration in a firm's 
customer portfolio, the more positive is the relationship 
between relational embeddedness and the number of new 
products developed by the firm. 


Data and Methods 


We tested the hypotheses using longitudinal data from 
young, technology-based firms in the United Kingdom. We 
collected the original data, comprising 180 firms, with a 
mail survey in 1998. We conducted the follow-up study in 
spring 2004 with telephone interviews, Web searches, and 
archival data. 

We drew the original sample from the Dun & Bradstreet 
database, the most comprehensive database on company 
information in the United Kingdom. We had three sampling 
criteria: The firms needed to be (1) at least one year but not 
more than ten years old; (2) independent (i.e., not a sub- 
sidiary of another firm); and (3) involved in developing, 
commercializing, or manufacturing advanced technology in 
one of six industry sectors (defined according to 1992 U.K. 
Standard Industrial Classification codes): pharmaceuticals, 
medical equipment, communications technology, electron- 
ics, energy, and environmental technology. We excluded 
firms less than a year old because they were less likely to 
have established a customer portfolio. The ten-year upper 
limit is consistent with previous research on entrepreneurial 
firms (e.g., Covin and Slevin 1990). The independence cri- 
terion ensures that the effects of customer relationships are 
not mixed with those of a corporate parent; a corporate sub- 
sidiary might tap into its parent's knowledge and resources 
for new product development, potentially clouding the 
effects examined here. To ensure that sample firms were 
involved in technology creation, we checked their business 
descriptions in the source database. We excluded firms that 
operated in sales and distribution with no R&D or manufac- 
turing; we also excluded firms that offered only nontechni- 
cal services. 

We identified 1140 firms that matched the selection cri- 
teria and sent a questionnaire to their managing directors 
(the British equivalent of a CEO) in May 1998. We had 
thoroughly pretested and revised the questionnaire as a 
result of discussions with ten firms. We called all 1140 
firms to motivate the entrepreneur to participate and to 
ensure that the firm fulfilled the sampling criteria; this 
resulted in the elimination of 204 ineligible firms. We 
received responses from 225 of the remaining 936 firms, 
yielding a response rate of 2496. This compares satisfacto- 
rly with similar mail surveys in entrepreneurial settings 
(e.g., Chandler and Hanks 1994) and in new product devel- 
opment studies (e.g., Sivadas and Dwyer 2000). Of the 225 
returned questionnaires, we excluded 30 because they did 
not meet all sampling criteria and an additional 15 because 
of incomplete answers, leaving 180 usable responses. 


Location and age data on nonrespondents from the 
source database indicated no significant differences 
between respondents and nonrespondents. Because those 
responding late have been argued to be similar to nonre- 
spondents (Armstrong and Overton 1977), we also tested 
for nonresponse bias by comparing early and late respon- 
dents. We found no significant differences in terms of age, 
number of employees, sales, or number of customers. 

In 2004, the 180 firms were first researched in the Dun 
& Bradstreet database and on the Web to identify their cur- 
rent contact information; we then called them to establish 
their survival status and to request a telephone interview 
with the original respondent or, if that person was no longer 
with the company, with the current managing director. 
According to these initial telephone calls, Web searches, 
and the Dun & Bradstreet archival data, 121 of the firms 
were still operating independently, 25 had been acquired, 18 
had gone bankrupt or closed down, and 16 could not be 
located. We conducted telephone interviews with 111 of the 
146 independent or acquired companies, yielding a 
response rate of 7696. Again, we tested for nonresponse bias 
by comparing the responding firms and the nonrespondents 
and found no significant differences. 


Reliability of the Empirical Data 


The design of the study allowed for measuring the indepen- 
dent variables in 1998 and the dependent variable—number 
of new products developed—for the six-year period of 
1998—2003. The six-year time Јар alleviates the common 
method variance issue that is often a concern in cross- 
sectional, single-respondent studies (e.g., Phillips 1981). 
Six years is long enough to capture customer portfolio 
effects on the number of new products developed, consider- 
ing that R&D projects in young, technology-based firms 
typically take several years to complete (Oakey 1995). Con- 
versely, the period is not so long that unobserved factors or 
changes in the independent variables would mask the 
effects under consideration. We checked for the presence of 
such unobserved factors or changes with an open-ended 
question at the end of the interviews. 

In the data collection process, we took several steps to 
ensure the reliability of the empirical data. First, by target- 
ing the survey to the managing directors, we used the most 
knowledgeable source of information on the firm’s cus- 
tomers and new product development projects. In young, 
small firms (our sample firms had a median of nine employ- 
ees in 1997), the managing director is typically responsible 
for both of these areas. It would not have been possible to 
identify another person in each of the firms with compara- 
ble firm-level knowledge of the customer portfolio and new 
product development. Second, to minimize potential bias in 
the data, we formulated most survey items to measure tan- 
gible matters, and we carefully designed the questionnaire 
with several rounds of revisions and a pilot test. Whenever 
possible, we used previously validated measurement items 
for each of the theoretical constructs. Third, the coverage 
and quality of the obtained data were good. In general, there 
were few unanswered items and no systematic patterns of 
missing values. 


Finally, to assess the reliability of our self-reported data, 
we obtained secondary data on a subset of the sample firms 
from the Financial Analysis Made Easy database. Sales and 
employee figures were available for 42 of the sample firms. 
These secondary data were nearly identical to the self- 
reported sales and employee figures (for both, г = .98, p < 
.001), helping confirm the general accuracy of the survey 
data. 


Measures and Vaildation 


New product development. The dependent variable in 
our study, new product development, is the count of new 
products developed by each firm during the 1998—2003 
period. The number of new products as a measure of inno- 
vation has been used in prior literature (e.g., Katila and 
Ahuja 2002; Sorescu, Chandy, and Prabhu 2003) and has 
been argued to represent the potential commercial value of 
a firm’s R&D activities (Katila and Ahuja 2002). It is a 
highly relevant metric for young, technology-based firms; 
the number of new products has been associated with sus- 
tained growth, profitability, and survival of such firms 
(Schoonhoven, Eisenhardt, and Lyman 1990; Stalk and 
Hout 1990; Zahra and Bogner 2000). In the 2004 follow-up 
telephone survey, respondents estimated how many new 
offerings, including new products, services, and technolo- 
gies (for firms that generate revenues by licensing out tech- 
nologies), the firm bad developed in the 1998—2003 period. 
Consistent with our focus on the prelaunch part of the inno- 
vation process, we defined new products as the output of the 
R&D process—that is, the number of new products that had 
been developed to the point at which they could be com- 
mercially launched; we did not specify that any marketing 
or sales had to have taken place. Responses ranged from 0 
to 30, with a mean of 4.30.3 


Size of the customer portfolio. We measured the size of 
a firm's customer portfolio in the original survey as the 
number of customers the firm had in 1997. Previous 
research has emphasized the significance of the number of 
customers as an important variable in customer relationship 
theories (Johnson and Selnes 2004). To ensure consistency 
across firms in defining an active customer (rather than 
potential marketing leads or customers in the sales cycle), 
we asked respondents for the number of customers their 
firms sent an invoice to in 1997. Our sample firms operate 
in business-to-business markets. 


Revenue concentration within the customer portfolio. 
We measured the extent to which a firm's revenues are con- 
centrated versus evenly spread out in its customer portfolio 





ЗТо examine the validity of this self-reported measure, we 
obtained patent data on the firms for the same 1998—2003 period 
by conducting a search on the European Patent Office Web site. 
We did not expect to observe an excessively high correlation 
between the patent measure and the number of new products 
developed, because not all new products are patentable, several 
new products may result from one patent, and not all firms choose 
to patent their innovations. Nonetheless, the patent measure corre- 
lated with our self-reported measure (т = .27, p < .10), providing 
evidence of face validity and convergent validity. 
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using the Herfindahl index, a measure of concentration 
commonly used in the economics literature. By means of 
the Herfindahl index, our measure of revenue concentration 
for firm i is as follows: 


(1) Revenue concentration, — Уз, 
J 


where s; is the share of sales from customer j in the cus- 
tomer portfolio of firm i. The index has a value close to one 
if a firm is highly dependent on revenues from one domi- 
nant customer, and it approaches zero if a firm receives an 
equal share of revenues from a large number of customers. 
In our 1998 survey, we asked respondents the percentage of 
total revenues in 1997 that came from the firm's single- 
largest customer, the next-largest customer, and the third- 
largest customer. To calculate the revenue concentration 
index, we assumed that the revenues from the remaining 
customers were distributed equally. The proportion of total 
exchange that an exchange partner accounts for is the most 
commonly used measure of dependence in the extant litera- 
ture (e.g., Heide and John 1988; Jacobs 1974; Nooteboom, 
Berger, and Noorderhaven 1997). 


Relational embeddedness of the customer portfolio. We 
used three items to measure the extent to which the young 
firms’ customer relationships in 1997 were relationally 
embedded versus arm’s length. In designing these items, we 
adopted the terminology the entrepreneurs in Larson’s 
(1992) study used to describe their firms’ supplier and cus- 
tomer relationships. Our items were as follows: (1) “Which 
of the following best characterizes your company’s cus- 
tomer relationships? (a. All of our customer relationships 
are arm’s-length in nature; b. We have a few close, coopera- 
tive customers, the majority are arm’s-length; c. We have 
about the same number of close customers as arm’s-length 
customers; d. We have a few arm’s-length customers, the 
majority are close, cooperative customers; e. All of our cus- 
tomer relationships are close, cooperative relationships)”; 
(2) “The majority of our revenues comes from customers 
with whom we have a close, cooperative relationship”; and 
(3) “The majority of our revenues comes from customers 
with whom we have an arm’s-length relationship” (reverse 
coded). We measured the two latter Statement-style items 
with a Likert scale ranging from 1 ("do not agree”) to 7 
("completely agree"). We standardized and combined the 
three items, which yielded a Cronbach's alpha of .83. 

We relied on an aggregate measure that focused on the 
perceived overall closeness and cooperative nature of the 
` firm's customer portfolio because it would have been 
impossible to ask respondents to evaluate various dimen- 
sions of embeddedness for each of their (tens of) customer 
relationships. We designed the relational embeddedness 
measures to be easily understood by entrepreneurs; the 
measures used the terminology “close” and “cooperative” 
relationship as in previous research (e.g., Anderson and 
Narus 1990; Heide and Miner 1992; Larson 1992) and the 
business literature (e.g., Nonaka and Takeuchi 1995). The 
accepted use of the terms in the literature, together with the 
confirmatory feedback from entrepreneurs in the pilot test, 
provides evidence of the face validity of the relational 
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embeddedness measure. To assess the validity of this mea- 
sure further, we followed Salvendy and Carayon's (1997) 
recommendations and examined the correlations between 
our measure and other operationalizations of the underlying 
embeddedness concept. We had available detailed informa- 
tion on the nature of the young firm's single-largest cus- 
tomer relationship. Measures of trust, social interaction, and 
the extent of R&D cooperation in this key relationship cor- 
related significantly with the aggregate measure of rela- 
tional embeddedness, providing evidence of convergent and 
content validity (Salvendy and Carayon 1997). 


Control variables. In our analyses, we control for firm 
age, firm size (measured as the number of employees), and 
the level of R&D spending (measured in pounds sterling) in 
1997. То ensure that the effects of portfolio size, revenue 
concentration, and relational embeddedness are not clouded 
by the level of diversity in the firm's customer set, we also 
include as a control variable the proportion of customers 
located in the United Kingdom (versus abroad); this 
variable captures aspects of customer portfolio homogene- 
ity. Customers that are located in foreign operating environ- 
ments are likely to provide a firm with more heterogeneous 
knowledge. Furthermore, to control for the effect of the 
newness of the firm's technology, we included a control 
variable, technology newness, which was measured as the 
respondents’ evaluations of their companies’ core technol- 
ogy on a five-point scale ranging from “widely used” to 
“completely new, never before applied in industry.” Finally, 
to control for the environmental conditions under which the 
firms operate, we included variables for market size (mea- 
sured as respondents’ estimates of the total number of 
potential customers available to the firm) and industry sec- 
tor (dummy variables for electronics, environmental tech- 
nology, pharmaceutical, medical equipment, and energy 
industries). Table 1 presents the descriptive statistics and 
correlations among our variables. 


Model 


The dependent variable in our model is the number of new 
products that each of the firms developed. We denote the 
new products developed by each firm i as y;. Because this 
number is discrete and nonnegative, consistent with prior 
literature, we assume that y; follows a Poisson distribution 
with a mean rate A; (Hausman, Hall, and Griliches 1984), as 
presented in Equation 2: 
А Ye 
(2) РҮ, = yj) = Е 


1 


In addition to the challenge of developing new products, 
young firms face the basic challenge of surviving in the 
market. As a result, whereas some firms may survive but yet 
have no new products, others may not survive and have no 
new products. In other words, zero counts of new products 
in our sample can arise in two distinct ways, and thus the 
data-generating process of zero counts in the Poisson model 
has two states. Therefore, in the tradition of zero-inflated 
Poisson model (Lambert 1992), we modify Equation 2 to 
account for the preponderance of zeros and to split the sam- 
ple into firms that survived and those that did not. We 
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viewed firms as having survived if they still operated as 
independent entities at the end of 2003. This variable is 
equal to 1 for the 121 firms still operational and 0 for all 
others. We modeled the probability that firm i would not 
survive, €, as a logistic function of the observed set of 
covariates, zj: 


(3) o = XP 
| 1+ exp(2’y)’ 


Therefore, the distribution of the number of new products, 
у, follows the mixture distribution: 


(4) РКУ, = 0) = 0, * (17 0)e7^, 
А Xie 
А жыш d y=, 2. 


1 


Consistent with prior literature (e.g., Winkelmann 
2003), we model the Poisson-state mean parameter, 7, as 
an exponential function of independent variables related to 
a firm’s customer portfolio (portfolio size, revenue concen- 
tration, and relational embeddedness [RE]) and a set of 
firm-specific control variables (R&D spending [RD], size, 
age, proportion of domestic customers, technology new- 
ness, market size, and the industry indicators): 


(5) À, = exp(Bo; + B; Portfolio size, + B; Portfolio size? 
+ B,Revenue concentration, + B,RE, 
+ B;RE, x Portfolio size, 
+ ВеКЕ, x Revenue concentration, + B, RD, 
+ B,Size, + ByAge, + BjyDomestic customers, 
+B, , Technology newness, + В, Market size, 
+ B;sElectron, + B, Environ, + B; Pharma, 
+B, sMediceg, + B,,Energy,). 


We allow the intercept in Equation 5 to be firm specific to 
account for unobserved firm factors (McFadden and Train 
2000), such as differences in managerial ability. We accom- 
plish this by following the approach of random coefficients, 
allowing the intercept to vary across firms—that is, Boi ~ 
N(Bo, 628). 

Prior literature has documented that young firms' 
chances of survival tend to be influenced by age and avail- 
able resources (e.g., Hannan and Freeman 1984; Levinthal 
1991). Accordingly, we use the age and size of the firm to 
model the probability of a firm's survival. Including these 
variables in z;, we derive the following expression for 21ү 


(6) үү = (Yo, + Аве, + "o Size;). 





‘The effects of these or other variables on a firm's probability of 
survival are beyond the focus of our paper, and therefore we do not 
hypothesize on the effects of the variables but merely use them to 
help account for the differences in survival probabilities across 
firms. 
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Again, we account for unobserved firm factors that might 
affect survival by assuming that the intercept Үр, is normally 
distributed across the firms—that is, Yo, ~ N(Yo, 62. 

Let Ку, = 0) denote ап indicator variable that is equal to 
1 if y; = 0 and 0 if otherwise. The joint log-likelihood for 
firm i, LL,(f, y), after we omit the constants, is as follows: 


(7) LL, $, ү) = Ку, = O)Infexp(z;y) 
+ ехр[-ехр(х,В)]) 
*[1 - Цу, = OJITy,x; B – ехр(х:В)] 
— №1 + exp(z;)]. 


The final log-likelihood, LL(f, Y), is as follows: 
8) LLG, р= У. 6, ү). 


We estimate the final parameters by maximizing the likeli- 
hood function in Equation 8 with a simulated maximum 
likelihood approach (e.g., McFadden and Train 2000). The 
simulated maximum likelihood estimator is consistent, 
asymptotically normal, and efficient (Train 2003). 


Results 


The results of our analyses appear in Table 2. In Model 1, 
we included only the control variables. In Model 2, we 
added the hypothesized direct effects variables. Model 3 
includes all the hypothesized variables, including the inter- 
action terms. We first centered the variables of the inter- 
action terms to reduce multicollinearity (Aiken and West 
1991). 

The overall fit of our hypothesized model, Model 3, is 
good with a statistically significant chi-square (p « .01). 
The log-likelihoods for Model 1, Model 2, and Model 3 are 
—656.73, —624.12, and —617.95, respectively. The likelihood 
ratio test rejects Model 1 in favor of Model 2 (the calculated 
X? = 65.22, whereas the critical 724, .01) = 13.28). A com- 
parison of the fit between Model 2 (with no interaction 
effects) and Model 3 (with interaction effects) shows that 
the likelihood ratio test favors Model 3 (the calculated 12 = 
12.34, whereas the critical Y2(2, .01) = 9.21). Because 
Model 3 has the best fit, we describe the results of each 
hypothesis in terms of this model. 

H; predicted an inverse U-shaped relationship between 
customer portfolio size and the number of new products 
developed. The results of the model provide support for this 
hypothesis (В; = .64, p < .001; В, = —05, р < .001). Н, pre- 
dicted a negative relationship between the revenue concen- 
tration in a firm's customer set and the number of new prod- 
ucts developed. The results of the model provide support for 
this hypothesis (B4 = —22, p « .05). H is also supported: 
Relational embeddedness of a firm's customer portfolio has 
à positive effect on the number of new products developed 
(B4 = .23, p « .001). 

The interaction effects of relational embeddedness with 
portfolio size and revenue concentration show support for 
both H4 and Hs. Hy predicted that relational embeddedness 
would have a greater positive effect the smaller the cus- 


TABLE 2 
Number of New Products Developed: Results from the Zero-Inflated Poisson Model 


Variable 


_ ——— M Ho —— M д —дцц —— 


Portfolio size 

Portfolio size? 

Revenue concentration 

Relational embeddedness 

Relational embeddedness x portfolio size 
Relational embeddedness x revenue concentration 
R&D spending 

Firm size 

Firm age 

Proportion of domestic customers 

Market size 

Technology newness 

Electronics Industry indicator 
Environmental technology industry indicator 
Pharmaceutical industry indicator 

Medical equipment industry indicator 
Energy industry indicator 

Constant (Bo) 

Unobserved heterogeneity (of) 
Log-likelihood 


tps .10. 
"ps .05. 
**ps.01. 
“ps .001. 


Model 1 Model 2 Model 3 
.49*** .64"** 
—.04*** —.05*** 
—28* —.22* 
.25** 3 
—.06* 
.10* 
.13 .18 191 
—.15** —.19** —.18** 
– 12 – 177" —.15*** 
—.25*** —.26*** —.23*** 
04** .03** 06** 
08 .07 03 
13 —.02 .02 
—.22** —.45** —.57** 
15*** 4777 324 
45** 41** 39** 
—.12 —.05 —.05 
1.72*** 1.31*** 1.31*** 
1.031 .92t 1.141 
—656.73 —624.12 —617.95 


Notes: With respect to the logistic part of the mode! accounting for differences In survival probabilittes across firms, we find that younger firms 
are more likely not to survive (y, = —08, р < .001). Firm size has no significant effect on survival (yo = — 16, not significant). 


tomer portfolio. The negative interaction term between rela- 
tional embeddedness and portfolio size supports this 
hypothesis (B5 = —.06, p « .05). Hs predicted that relational 
embeddedness would have a greater positive effect the 
higher the level of revenue concentration. The positive 
interaction term between relational embeddedness and reve- 
nue concentration supports this hypothesis (Bg = .10, p « 
.05). 

In the control variable effects, we find that within our 
sample of young firms, both firm age and firm size have a 
significant, negative effect on the number of new products 
developed, indicating that as firms reach their "adoles- 
cence" and grow beyond the initial small start-up stage, 
they may become more focused on commercializing and 
selling their existing products rather than on developing 
new ones. Furthermore, we find that a higher proportion of 
domestic customers has a negative effect on new product 
development. This finding is in line with Ganesan, Malter, 
and Rindfleisch's (2005) recent study, which challenges the 
cluster theorists’ view that geographic proximity is benefi- 
cial for new product development. 

Our results suggest that the newness of the firms' tech- 
nology does not directly influence the number of new prod- 
ucts developed. This is consistent with research by Bonner 
and Walker (2004), who find that rather than a direct effect, 
product newness moderates the effects of relational embed- 
dedness on new product advantage. As an additional analy- 
sis, we tested for such an interaction effect in our data. In 
line with Bonner and Walker's research, we find that the 


newer the technology, the less positive is the relationship 
between relational embeddedness and the number of new 
products developed. All our hypothesized relationships 
remain stable with the inclusion of this additional inter- 
action effect. 

With respect to the environmental control variables, we 
find that market size is positively related to the firms' new 
product output. Firms in the medical equipment and phar- 
maceutical industries have a higher number of new products 
developed, whereas firms in the environmental technology 
industry have a lower number of new products developed. 
Our comparison or base industry is communications tech- 
nology. With regard to the control variables used to explain 
firms’ probability of survival, we find that, consistent with 
prior literature (e.g., Hannan and Freeman 1984; Levinthal 
1991), younger firms are more likely not to survive. 


Supplementary Analysis 


The primary goal of our study was to understand the effects 
of customer portfolio characteristics on young, technology- 
based firms’ new product development output (i.e., the pro- 
ductivity of R&D, measured as the number of new products 
developed). However, a firm's customer portfolio can influ- 
ence not only the quantity but also the nature, or quality, of 
the firm's R&D output. In the following discussion, we pre- 
sent a supplementary analysis that addresses the question of 
how customer portfolio can affect both the quantity and the 
quality of new product output. 


Customer Portfolio and New Product Development / 141 


We examine how the customer portfolio influences the 
quality of R&D by focusing on the overall technological 
competitiveness of the firm.5 Defining the company's core 
technology as "the company's technological skills and 
knowledge as well as the products, services, and processes 
based on these skills and knowledge,” we measured the 
superiority of firms' technology on three items designed 
from Wernerfelt's (1984) and Conner's (1991) studies: (1) 
"Our technology is better than competitors' technology"; 
(2) "Our competitive advantage is based on our technol- 
ору”; and (3) “We invest very heavily in R&D” (Cron- 
bach's œ = .79). We measured the technological competi- 
tiveness of the firms in both the original and the follow-up 
surveys. This enabled us to develop a model to analyze the 
impact of customer portfolio characteristics on the number 
of new products developed (quantity of R&D output) 
weighted by the technological competitiveness (quality of 
R&D output) of the firms over the six-year study period. 


Model development. We again denote the number of 
new products produced by firm i as y; and the technological 
competitiveness of firm i as TC,. Our new dependent 
variable is then y; x TC;. We operationalize TC, as the aver- 
age of firm i's technological competitiveness in 1997, 
ТС!997, and 2003, ТС2003 Although we observe ТС}??? for 
all the firms, we observe TC2003 and therefore TC,, only for 
the firms that survived until 2003. To address this data- 
censoring problem, we develop a Type II Tobit model 
(Heckman 1978). The independent variables in this model 
are identical to those in our main model (Model 3 in Table 
2). Thus, we can express the dependent variable y; X TC, as 
follows: 


(9) y,XTC, = 8, + ô Portfolio size, + 8;Portfolio size? 
+ 6,Revenue concentration, + 5,RE, 
+ 6,RE, x Portfolio size; 
+ RE; x Revenue concentration, 
+5,RD, + 8,Size, + 5,Age, 
+ Oy Domestic customers, + 5; , Market size, 


+ 6j; Technology newness, + 6, Electron; 


О 

5Whereas prior literature has tended to focus on the distinction 
between radical and incremental innovation (e. g., Chandy and Tel- 
lis 1998), in our context, this would have been problematic for 
several reasons. First, defining radical versus incremental innova- 
tions for young, technology-based firms is complicated; most 
innovations are likely to be incremental applications of the firm’s 
core technology, which in tum may be highly radical compared 
with incumbent technologies in the market. Second, focusing on 
the type of innovation would raise the question of which type of 
innovation is better; from a young, technology-based firm’s per- 
spective, developing radical new products may be a better basis for 
long-term competitive advantage, but it is also a riskier Strategy 
that may lead to firm failure; an incremental product strategy may 
be more advantageous for profitability and sustainability of the 
firm. Third, the general theories our hypotheses are based on 
should be applicable to both types of new products. 


142 / Journal of Marketing, September 2008 


+ 6,,Environ, + 5,,Pharma, + §,,Mediceq, 
+ ó;Energy, + u,,, 


where цу, is a normally distributed error term. However, we 
observe TC; only when firm i survives. Let S; denote an 
indicator variable that is equal to 1 if firm i survives and 0 if 
otherwise. Accordingly, 


(10) y; X TC; is not observed iff S, = 0, and 
у, X TC; = xj + & > O iff S; = 1, 


where 6 is the vector of the parameters бу to $15 and Xi 
denotes the set of covariates given in Equation 9. The 
probability of firm i's survival, S;, is formulated as a binary 
probit model: 


01 S, -lifzj0-u, 20, and S, =0 ifz/0-- wu <0, 


where uz, is a normally distributed error term and 7, is the 
same set of covariates as before (1.е., the age and size of a 
firm). The Type II Tobit model then models the effects of 
the covariates, conditional on the probability that the obser- 
vation is noncensored. Furthermore, the model allows for 
the correlation of the error terms, and accordingly the error 
term is assumed to be bivariate normal: 


12) ЧЕ || o? о, | 
52 0)| 5, o2 


where Gf is the variance of the error term of ш, 02 is the 
variance of the error term of и, and бү is the covariance 
between the two error terms. For the purposes of identifica- 
tion, we set c2 = 1. АП these assumptions are consistent 
with the setup of a Type II Tobit model. The final likelihood 
function of each firm i, L,(5, Ө), is then given by the follow- 
ing (see Amemiya 1985, pp. 385-87): 


аз) L,G,6-[1- eco f 9? 


1 
[ofzo +рат (у, x TC, —х.5 1 ei 


, (S,) 
{г х ТС, xS 
91 


where p is the correlation between the two error terms ji 
and uy; (i.e., р = 012/0102), and Ф(.) and $(.) represent the 
standard normal cumulative and the standard normal proba- 
bility density functions, respectively. We estimate the 
parameters by maximizing the likelihood function in Equa- 
tion 13. 


Results of the supplementary model. The parameter esti- 
mates of the Tobit II model appear in Table 3. The overall 
model fit is good, as determined by the likelihood ratio test, 
which supports the proposed model at a .01 significance 
level. With respect to the effects of our covariates of inter- 
est, we find evidence for an inverted U-shaped relationship 
between customer portfolio size and the new weighted 
dependent variable (бу = 1.04, p < .01; $ = —19, p< .05). 
Furthermore, as we expected, the results suggest a signifi- 


TABLE 3 | 
Number of New Products Developed x 
Technological Competitiveness: Results from the 








Tobit | Model 
Parameter 

Variable Estlmates 
Portfollo size 1.04** 
Portfollo size? —.19* 
Revenue concentration —1.23* 
Relational embeddedness 1.54** 
Relational embeddedness x 

portfolio size —.72 
Relational embeddedness x 

revenue concentration .35* 
R&D spending 9.12*** 
Firm size —1.39*** 
Firm age —1.83*** 
Proportion of domestic customers 2.27 
Market size .94 
Technology newness .52 
Electronics industry Indicator —1.42 
Environmental technology Industry indicator —4.59* 
Pharmaceutical industry Indicator 3.26* 
Medical equipment Industry indicator 1.32*** 
Energy industry indicator —2.01 
Intercept 17.06*** 
С} .84** 
бо 73 
р -32t 
Log-likelihood —375.25 
їр < .10. 
“ps .05 
“ps 01. 
“ер < .001. 


cant, negative effect for the revenue concentration in a 
firm's customer set (63 = —1.23, р < .05) and a significant, 
positive effect for relational embeddedness (64 = 1.54, р < 
.01). The interaction term between relational embeddedness 
and portfolio size is in the right direction but is not statisti- 
cally significant (55 = —.72, n.s.). Finally, we find a signifi- 
cant, positive interaction effect between relational embed- 
dedness and revenue concentration similar to the model for 
the number of new products (8g = .35, p < .05). These 
results are consistent with the results of our main model, 
indicating that the basic arguments of our hypotheses also 
hold when the quality of R&D output is taken into account. 


Discussion 


New product development is not an isolated, confined 
process but rather a collective process that takes place 
through a “web of communications” between various inter- 
nal and external parties (Brown and Eisenhardt 1995). 
Because of the growing complexity and costs involved in 
developing new products, firms need to seek knowledge and 
expertise beyond their organizational boundaries (Wind and 
Mahajan 1997). Both the research literature and the busi- 
ness press have extolled the importance of “network inno- 
vation” (The Economist 2007a), “open innovation” (Ches- 
brough 2003), or “democratized innovation” (Von Hippel 


2006). The Economist (2007b) recently wrote about the 
“tise and fall of corporate R&D,” noting that for modern 
technology firms, R&D has become splintered across net- 
works consisting of suppliers, assemblers, and, importantly, 
customers. In these user-centered models of innovation, 
customers—both firms and individual consumers—play a 
key role in driving innovation (Von Hippel 2006). 

Although much has been written recently about “open- 
source” communities in which large numbers of individual 
users contribute to innovation (e.g., Lakhani and Von Hip- 
pel 2003; Von Hippel 2006), little is still known about the 
effects of a firm’s basic set of customer exchange relation- 
ships on new product development. In this article, we 
focused on how young, technology-based firms’ customer 
portfolios influence their new product output. Our research 
model integrated knowledge-based, resource dependence, 
and relational theories to develop hypotheses on the direct 
and interactive effects of the size, revenue concentration, 
and relational embeddedness of a firm’s customer portfolio 
on new product output. 


Theoretical Implications 


Portfolio size. A premise in much of the network and 
alliance literature streams is that the higher the number of 
external relationships, the more benefits the firm can realize 
(e.g., Gulati, Nohria, and Zaheer 2000; Pennings and 
Harianto 1992; Powell, Koput, and Smith-Doerr 1996; 
Shan, Walker, and Kogut 1994). Few studies have examined 
whether there is an upper limit to this argument, even 
though other research in marketing and management has 
emphasized the importance of focusing on a more limited 
number of high-value relationships (e.g., Lettl, Herstatt, and 
Gemuenden 2006; Storbacka, Strandvik, and Grónroos 
1994) and has addressed the transaction costs and manage- 
rial effort required in maintaining and utilizing relationships 
(Kalwani and Narayandas 1995; Koput 1997). Drawing on 
these perspectives, we argued and found that customer port- 
folio size has an inverse U-shaped relationship to new prod- 
uct output. In other words, interaction with more external 
parties may become counterproductive beyond a certain 
point. It is not simply that “more is better”; there are costs 
and trade-offs involved in using external relationships for 
innovation. Transaction costs and limited managerial capac- 
ity lead to diminishing and, ultimately, negative returns to 
the number of relationships. 

Although this finding may seem to contradict the basic 
tenets of open-source innovation, it is consistent with recent 
research on successful open-source innovation projects. Far 
from being wide-open communities, successful open-source 
projects tend to have, at their heart, a small, close-knit 
group of expert participants. For example, in the case of 
Apache software, the number of active code writers is only 
in the tens (compared with the thousands who participate in 
discussions) (The Economist 2006). Similarly, in the case 
of developing new windsurfing equipment, the key innova- 
tions came from a small group of competitive windsurfers 
(Von Hippel 2006). Recent research has also highlighted the 
need for formal, hierarchical governance systems and struc- 
tured leadership to manage the quality and productiveness 
of open-source innovation (Weber 2004); the costs of such 
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governance are likely to be significant, but they remain 
largely unstudied. 

Dependence stemming from revenue concentration. We 
found that the dependence stemming from a highly concen- 
trated customer portfolio has a constraining impact on new 
product development. This finding sheds light on the 
mechanisms underlying the concerns about relying on cus- 
tomers in innovation (Christensen and Bower 1996; 
Leonard-Barton and Doyle 1996; MacDonald 1995) and is 
also consistent with Singh's (1997) finding that interorgani- 
zational collaborations can lock high-technology firms in to 
obsolete capabilities. Furthermore, our finding expands our 
understanding of the consequences of dependence in chan- 
nel working partnerships. Previous research has shown that 
dependence affects relationship characteristics such as the 
level of influence (Anderson and Narus 1990), long-term 
orientation (Ganesan 1994), and the effectiveness of influ- 
ence strategies (Payan and McFarland 2005), but the firm- 
level outcomes of dependence are not well understood. 
Heide and John (1988) find that dependence is negatively 
related to financial performance under conditions of high 
asset specificity, and Venkataraman and colleagues (1990) 
suggest that dependence on one or a few customers 
increases the failure risk for young firms. Our result that 
revenue concentration in a customer portfolio hinders new 
product development explicates one of the mechanisms at 
work behind these previous findings. 


Direct and moderating effects of relational embedded- 
ness. Our results regarding relational embeddedness indi- 
cate that the innovation outcomes for firms with a small or 
highly concentrated customer portfolio are not a foregone 
conclusion. We found that relational embeddedness not 
only has a direct, positive impact on new product output but 
also can compensate for an otherwise suboptimal portfolio. 
Relational embeddedness is found to have a greater impact 
the smaller or more concentrated a firm's customer port- 
folio. Although still beneficial for firms with a large or 
well-balanced portfolio, relational embeddedness is not as 
critical for them. This finding that relational embeddedness 
can buffer a young firm against the downsides of a small or 
concentrated portfolio is consistent with previous studies 
that have shown relational ties to moderate the acquisition 
of knowledge in interfirm relationships (Ganesan, Malter, 
and Rindfleisch 2005) and to be effective in protecting 
firms against opportunism (e.g., Nooteboom, Berger, and 
Noorderhaven 1997; Uzzi 1997). Our findings on the direct 
and moderating effects of relational embeddedness also 
have implications for the relationship marketing stream of 
research (for a recent meta-analysis, see Palmatier et al. 
2006); in addition to the often-studied performance out- 
comes, such as a seller's sales and profits, researchers could 
examine improvement in new product development as a 
potential outcome of relationship marketing efforts. 

Taken together, our results contribute to the new product 
development literature by (1) focusing on the understudied 
but important context of young, technology-based firms; (2) 
extending the research on interorganizational relationships 
in innovation to the context of customer relationships; and 
(3) contributing to the understanding of the role of cus- 


144 / Journal of Marketing, September 2008 


tomers in innovation by developing an integrative model 
that takes the level of analysis from the single project/ 
customer level to the firm/portfolio level. Our focus on the 
entire customer portfolio of a firm enabled us to examine 
descriptors that cannot be examined by studying individual 
customer relationships in isolation. By integrating insights 
from various theoretical perspectives, our study highlights 
the importance of looking beyond just the number of rela- 
tionships or the quality of individual relationships and 
emphasizes the need for a holistic understanding of the 
interplay between the various facets of a customer portfolio. 


Manageríal Implications 


This study offers a diagnostic framework for entrepreneurs 
and managers to evaluate their firms’ customer portfolio 
and its impact on new product development. Through a 
careful analysis of where a firm is positioned on the dimen- 
sions of portfolio size, revenue concentration, and relational 
embeddedness, entrepreneurs can direct business develop- 
ment and marketing efforts to maximize benefits for new 
product development. Although the prescriptions arising 
from the study reflect unique features of young, technology- 
based firms, our recommendations may also offer valuable 
insights for marketing managers in established companies 
who want to leverage customers for innovation. 


Optimize portfolio size. In contrast to the common 
belief among entrepreneurs, it is not always better to have 
more customers. Pursuing new customers should be the 
result of thoughtful consideration of the trade-offs involved 
in diverting managerial attention from existing customer 
relationships. Entrepreneurs should have a clear sense of 
where on the portfolio size continuum their firm operates: Is 
the number of customers so small that the firm has limited 
sources of revenue and gets insufficient input into the new 
product development process, or has the customer set 
grown so large that it is cumbersome to deal with and 
managerial attention is spread too thinly to enable learning 
from customers? According to the results of our study, 
entrepreneurs should strive to optimize portfolio size to a 
point at which the number of customers is as large as possi- 
ble (to maximize revenues and enable access to a broad 
range of external knowledge) while still remaining manage- 
able. Firms at the lower end of the spectrum should con- 
tinue cultivating new customers, and firms at the suboptimal 
upper end should consider either reducing their number of 
customers or setting up new organizational structures and 
systems (e.g., expanding top management, hiring customer 
relationship managers) to enable more effective value 
extraction from customer relationships. 


Manage dependence. Most entrepreneurs are instinc- 
tively conscious of the risks of overreliance on one or a few 
key customers (Fischer and Reuber 2004). However, our 
data show that such dependence is highly common among 
young, technology-based firms. The firms in our sample 
realized an average of 4696 of their sales revenues from 
their three largest customers alone; for half the sample 
firms, the single largest customer accounted for 20% or 
more of revenues. Our results show that dependence arising 


from revenue concentration in the customer portfolio is 
problematic for new product development. Therefore, entre- 
preneurs should strive toward maintaining a balanced port- 
folio that provides broad exposure to new ideas and tech- 
nologies and avoid becoming locked in with dominant 
customers who tend to constrain a firm's new product 
development activities. When allocating managerial atten- 
tion to existing customer relationships, entrepreneurs 
should resist their natural inclination to focus on the largest 
customers and instead focus on relationships that may be 
second tier in terms of sales but have the potential to grow 
in volume (to balance out currently dominant customers) 
and to contribute new perspectives to product development. 


Foster relational ties with customers and use learning 
opportunities in customer relationships. 'The quality of rela- 
tionships matters. Our results suggest that the relational 
embeddedness of a customer portfolio has a positive impact 
on a firm's new product output. Close relationships can help 
the young firm acquire valuable knowledge on, for exam- 
ple, customer needs, market trends, competitors’ offerings, 
and complementary technologies from customers. Thus, 
entrepreneurs should treat customer relationships not just as 
sources of revenue but also as valuable learning opportuni- 
ties. Closer relationships with customers not only directly 
help in a firm's innovation process but also compensate for 
the negative effects of both dependence and small portfolio 
size. The implication of these findings is that entrepreneurs 
should strive to forge closer, more cooperative relationships 
with customers—particularly if the firm is dependent on 
key customers or has few customers. Although our study 
did not explicitly address the various elements of close, 
cooperative relationships, prior research has shown that fre- 
quent communication, flexibility rather than strict contract 
adherence, and social rather than pure business interactions 
are some of the mechanisms through which relational 
embeddedness can be developed (Larson 1992; Yli-Renko, 
Autio, and Sapienza 2001; Yli-Renko, Sapienza, and Hay 
2001). 

Together, these insights illustrate the complexity of 
issues involved in the management of a firm's customer 
portfolio and suggest that when making decisions about 
establishing and fostering customer relationships, entrepre- 
neurs and managers should consider not only the economic 
aspects but also the dependence, knowledge acquisition, 
and relational elements involved. А thorough evaluation of 
these dimensions of the customer portfolio can help entre- 
preneurs and managers make the difficult trade-offs 
between focusing efforts on gaining new customers and cul- 
tivating existing customer relationships, thus helping focus 
managerial attention on the customers with the greatest 
impact. 

Limitations and Future Directions 


Several limitations exist in terms of the generalizability and 
interpretation of the results of the study. First, the sample 
was taken from one country, over a particular period, and 
from a set of young firms operating in technology-based 
sectors. Focusing on a limited number of sectors and one 
country helped us control for environmental differences, 


and the study focused on young firms in technology-based 
sectors because we believed that external influences on 
new product development would be particularly relevant in 
settings with high uncertainty, technological complexity, 
and limited internal resources and capabilities. The six-year 
period allowed for the long product development cycles that 
are typical in technology-based sectors. Future studies 
could examine whether our results are valid for low-tech 
and older firms and address the question whether the 
impacts of the customer portfolio on new product develop- 
ment vary over time in the different stages of an entrepre- 
neurial firm’s life cycle. For example, what is the role of 
first reference customers in shaping the customer portfolio 
development and innovation agenda of early-stage start-up 
firms? 

Second, we focused on the number of new products 
developed as our dependent variable. Although the rate of 
new product development is an important and often-used 
measure, it is only one aspect of a firm’s innovative output. 
Future studies could expand our findings by examining, for 
example, the level of creativity or the commercial success 
of the new products developed; however, such measures are 
difficult to capture in the context of young, technology- 
based firms because of a lack of objective data and the typi- 
cally long and complex commercialization processes 
(Oakey 1995; Teece 1986). Furthermore, we conceptualized 
and measured relational embeddedness as an aggregate con- 
struct. Embeddedness is a multidimensional phenomenon 
that includes distinct (but correlated) facets, such as trust, 
long-term orientation, information exchange, shared prob- 
lem solving, and restraint in the use of power (Dwyer, 
Schurr, and Oh 1987; Heide and Miner 1992; Uzzi 1997). 
Although prior research would not lead us to expect differ- 
ential effects of the various aspects of relational embedded- 
ness, future studies might benefit from more fine-grained 
conceptualization and measurement. 

Third, our focus was on the customer set as a whole— 
its size, revenue concentration, and relational embedded- 
ness. Although beyond the scope of our study, the composi- 
tion of the portfolio, including the mix of capabilities, 
reputations, and resources of the customers, is likely to 
affect new product development. Future studies could 
address (on both the dyadic and the portfolio levels of 
analysis) the question of which customer characteristics are 
beneficial for new product development. Finally, the various 
mediating mechanisms through which customers affect new 
product development, such as knowledge acquisition, trans- 
action costs, and managerial attention, deserve further 
study. Particularly worthwhile research questions would 
include, for example, the effects of knowledge heterogene- 
ity and different types of learning. 

In conclusion, our study provides new insights into the 
role of customers in new product development. We drew on 
knowledge-based, resource dependence, and relational per- 
spectives to elucidate the mechanisms through which a 
young, technology-based firm’s customer portfolio influ- 
ences new product output. We attempted to provide both 
conceptual and empirical bases for further investigation of 
this important topic and hope that our results will prompt 
further research in the area. 
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Outstanding Reviewers 
Among all the outstanding Editorial Review Board members, five people stood out as having 
more reviews than average, completing them faster than average, and having the highest level of 
quality. They are the winners of the Best Reviewer Award for 2007—2008: 


Tülin Erdem (New York University) 

Eitan Muller (Tel Aviv University, New York University) 
David W. Stewart (University of California, Riverside) 
Christophe Van den Bulte (University of Pennsylvania) 

Stijn van Osselaer (Erasmus University) 


Guest Editors 
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From the Editor: The State of the 
Journal 


which I am editor, so I want to take the opportunity to 

reflect on the health and status of the journal and to 
thank everyone who has contributed to its success. Ajay 
Kohli, one of the world's foremost scholars on organiza- 
tional theory in marketing, assumed the editorial reins in 
July and is already doing a fine job of editing the journal. 
The first issue for which he is primarily responsible will be 
January 2009. 


Т: is the last issue of Journal of Marketing (JM) for 


t 


Journal Status and Prestige 


The status of JM has never been higher. The ISI Web of 
Knowledge (2007) Journal Citation Reports breaks its 
analysis down into three business categories: business, busi- 
ness and finance, and management. Among all the journals 
in all three business categories, JM ranks as the top cited, 
with an impact factor of 4.83. The seven top-cited business 
journals appear in Table 1. The five top-cited marketing- 
related journals appear in Table 2. The traditional top-four 
journals take the top-four spots, with Marketing Science 
second at 3.98, followed by Journal of Marketing Research 
(2.39) and Journal of Consumer Research (2.04). A newer 
journal, Journal of Service Research, takes the fifth spot at 
1.72. 

I am convinced that JM's rise in status and prestige is 
due to several key factors: (1) Its articles emphasize sub- 
stantive importance to the marketing field; (2) its articles 
are relevant to major marketing stakeholders, such as man- 





TABLE 1 
The Top-Cited Journals in Business 
Journal Impact Factor 
JM 4.83 
MIS Quarterly 4.73 
Academy of Management Review 4.52 
Marketing Science 3.98 
Journal of Accounting and Economics 3.36 
Academy of Management Journal 3.35 
Journal of Finance 3.26 





Source: 181 Web of Knowledge (2007). 








TABLE 2 

The Top-Cited MarketIng-Related Journals 
Journal Impact Factor 
JM 4.83 
Marketing Science 3.98 
Journal of Marketing Research 2.39 
Journal of Consumer Research 2.04 
Journal of Service Fiesearch 1.72 





Source: ISI Web of Knowledge (2007). 
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agers, consumers, and public policy makers; (3) it is an 
international journal; (4) it is open to all marketing topics 
and all research approaches; and (5) it has fast, insightful 
reviews. 


The Internationalization of JM 


The field of marketing is increasingly international, and JM 
is widely viewed as receptive to contributions from authors 
worldwide. It is not unusual for an issue of JM to have a 
large percentage of articles written by authors from outside 
the United States. For example, in the most recently com- 
pleted fiscal year of JM (2007/2008), 23 of the 51 articles 
(4596) listed authors from outside the United States. This 
global expansion of the marketing field greatly enriches the 
literature and leads to the inclusion of diverse backgrounds 
and viewpoints. It is especially consonant with the global 
marketplace we all now experience. 


Fast, Insightful Reviews 


When I took over the editorship of JM in 2005, I expected 
to receive something in the neighborhood of the record 317 
new manuscripts per year that were received by my prede- 
cessor, Ruth Bolton. I was wrong! To my great delight (and 
distress), the first year I received a record 371 manuscripts, 
and the second year I received another record, 376 manu- 
scripts. As of this writing, for my third year, the projection 
of number of manuscripts received will be more than 425, 
more than 30% more manuscripts than the 317 per year 
received by Ruth Bolton. 

Dealing with so many submissions щ a professional and 
competent way requires the hard work of a large number of 
people. My editorial assistants Chris Bartone (in Chicago) 
and Millicent Locke (in College Park, Md.) have worked 
tirelessly to keep the manuscripts flowing. Special thanks, 
though, go to the volunteers who ensure the intellectual 
quality of the journal —the editorial board members and ad 
hoc reviewers who perform a thankless task with great 
insight and skill. The editorial board of JM includes many 
of the most prominent members of the marketing field. The 
ad hoc reviewers, many of whom review almost as many 
papers as the editorial board, deserve special commendation 
because, without their contributions, we could not put out 
the journal. One of the great pleasures of being editor has 
been to discover how many experts there really are in the 
field of marketing—people who may not all be famous, but 
who know their specialty very well. Their contributions to 
the journal are invaluable. 

Fairness to the authors means that not only do reviews 
need to be thorough and competent, they need to be timely 
as well. I am proud that we have enabled JM to provide 
prompt turnaround to authors. Table 3 lists the review times 
for new submissions from 2004/2005 up to this writing. 
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TABLE 3 


Average Turnaround Time for New Submisslons 
—— нааи наивни 


Period Average Review Time 
2004/2005 106 days 
2005/2006 71 days 
2006/2007 62 days 
2007/20088 60 days 


8Through Quarter З 
Notes: This reflects full reviews only, it does not count desk rejects. 


This table shows that the average review times for new sub- 
missions have been reduced from 106 days to 60 days over 
the last three years. Authors can now be confident of receiv- 
ing timely feedback—something I strongly believe that all 
authors deserve. 


The Future of JM 


Under the editorship of Ajay Kohli, I expect the journal 
to rise to new heights. I anticipate that JM will continue to 
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be highly cited, drawing an increasingly international set of 
authors and continuing to be most authors’ first choice out- 
let for substantive work in marketing. I expect JM to con- 
tinue to be the broadest journal in marketing, welcoming all 
research topics and all methodological approaches. I expect 
JM articles to continue to emphasize relevance to marketing 
stakeholders, and I expect JM to become even more inter- 
national, especially as research from Asia reaches its poten- 
tial. It has been a delight to edit the journal for three years, 
and now, as a wit once said, it will be even more of a delight 
to be the ex-editor! 
Thanks to everyone involved for making JM what it is 
today. 
ROLAND T. RusT 
Editor — Ex-Editor 
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Competitive Density and the 
Customer Acquisition-Retention 
Trade-Off 


The authors build on conceptual and analytic evidence to argue that firms can increase performance by shifting 
emphasis away from customer retention strategies toward customer acquisition strategies as competitive density 
(i.e., the number of competitors) increases and the marketplace becomes more dynamic. Empirical research using 
four data sources for a single artistic industry produces strong support for the moderation hypotheses. When 
competitive density is low, a customer retention strategy emphasizing close relationships with customers and 
adaptive learning enhances performance. When competitive density is high, a customer acquisition strategy 
emphasizing innovation and competitor learning enhances performance. Four Key takeaways emerge. As 
competitive density increases, (1) the financial impact of choosing the right mix of resources and capabilities 
increases; (2) close customer relationships become liabilities, providing no revenue benefits and exerting a 
negative effect on net income; (3) close relationships with suppliers increase revenues but also expenses, so that 
net income decreases; and (4) adaptive learning lowers revenue and, even more so, expenses, so that net income 
increases. The authors discuss the implications of these findings and identify combinations of resources and 
capabilities that achieve different performance objectives. 


Keywords: competitive dynamics, customer acquisition and retention, customer relational assets, dynamic 


capabilities, organizational learning 


intellectual assets that contribute to competitive 

advantage (Srivastava, Sbervani, and Fahey 1998). 
Relational market-based assets derive from relationships 
with key external stakeholders, including upstream suppli- 
ers and downstream customers. Intellectual market-based 
assets derive from knowledge about the external environ- 
ment, including customers, competitors, and suppliers. 
Extensive research has established the value of both rela- 
tional (Palmatier et al. 2006) and intellectual (Kirca, Jaya- 
chandran, and Bearden 2005) assets to the firm. 

Can relational and intellectual assets become financial 
liabilities? In addressing this question, we propose that an 
asset's value depends on the competitive density of the mar- 
ket. Competitive density refers to the number of unique sell- 
ers that compete in a product market; it is high in frag- 
mented markets with a large number of sellers and low 
in concentrated markets with a small number of sellers. In 
conceptualizing assets, we distinguish between resources, 
which include the current stock of knowledge, reputation, 


M arketing strategy attempts to identify relational and 
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and relationships, and dynamic capabilities, which refer to 
search routines that identify and exploit external and inter- 
nal information to enhance the current stock of resources 
(Eisenhardt and Martin 2000; Zollo and Winter 2002). 
Following relationship marketing research (Palmatier et al. 
2006), we conceptualize customer relationships as a key 
market-based resource. We focus on relational contracts 
that create a valuable resource that is insulated from com- 
petitor actions (Voss, Sirdeshmukh, and Voss 2008). 

We examine three market-based capabilities. Following 
Narver and Slater (1990), we examine search routines that 
target customers and competitors. A competitor learning 
orientation collects intelligence about competitive actions 
and industry trends. A customer learning orientation incor- 
porates customer expectations and preferences into devel- 
oping and modifying product offerings. We also incorporate 
supplier learning orientation, which generates insights 
into and knowledge from close relationships with key 
suppliers. These three capabilities reflect the firm’s exter- 
nal value chain, from upstream to lateral to downstream 
considerations, 

We include two intellectual capabilities that represent 
distinct approaches to organizational learning (March 
1991). An innovation learning orientation emphasizes gen- 
erating and cultivating new ideas that result in innovative 
new product offerings. This approach to learning is consis- 
tent with exploration, which involves (March 1991, p. 71) 
"variation, risk taking, experimentation, play, flexibility, 
discovery, [and] innovation" An adaptive learning orienta- 
tion emphasizes structured self-evaluation designed to 
enhance ongoing operating routines, which is consistent 
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with exploitation, “refinement, choice, production, [and] 
efficiency" (March 1991, p. 71). 

To illustrate the proposed role of competitive density, 
consider the competitive retail environment in New York 
compared with a smaller city. Renowned for its culture, 
fashion, and entertainment, the New York market features 
greater variety- and innovation-seeking behavior among 
suppliers and buyers, with hundreds, and even thousands, of 
independent art galleries, restaurants, fashion retailers, and 
theaters. A key indicator of the heterogeneity and 
dynamism of the New York market is the number of inde- 
pendent entrepreneurs competing in the marketplace. Com- 
pared with a smaller market, which is likely to feature only 
a handful of competitors, incremental change, and stable 
buyer preferences, the fragmented New York market fea- 
tures more frequent innovation, aggressive competitor 
actions, and dynamic buyer preferences. 

To summarize, our study integrates theoretical, analytic, 
and empirical evidence to propose that competitive density 
moderates the effect of relational resources and dynamic 
capabilities on firm performance. We explain why firms 
increase performance by shifting emphasis away from cus- 
tomer retention toward customer acquisition as competitive 
density and market dynamism increase. To test the hypothe- 
ses, we use four data sources for a single artistic industry 
that (1) establish temporal ordering between learning orien- 
tations measured during the fiscal year and objective firm 
performance measured at tbe end of the fiscal year and (2) 
incorporate lagged measures of the dependent variables, 
objective measures of market-level competitive density, and 
firm-level use of customer relational contracts. The empiri- 
cai results offer strong support for the hypotheses and 
underscore the importance of aligning resources and capa- 
bilities with the competitive environment. 


Competitive Dynamics, Customer 
Acquisition, and Customer 
Retention 


Product markets exist along а continuum of dynamism, 
ranging from relatively stable and incremental evolution to 
frequent, dynamic, and radical change (Eisenhardt and Mar- 
tin 2000). Market dynamism 1s a function of cyclical inter- 
actions between heterogeneous and dynamic customer pref- 
erences and the competitive actions of sellers that 
experiment with products and prices to increase market 
share (Dickson 1992). Reciprocal feedback loops iterate 
between seller and buyer heterogeneity, so that seller 
dynamism can create disequilibria that lead to altered buyer 
preferences, which in turn create disequilibria that lead to 
additional seller innovation and heterogeneity. It is difficult 
to model evolutionary dynamics over time, but the idea that 
seller and buyer density, heterogeneity, dynamism, and 
receptivity to innovation are positively correlated receives 
support from competitive dynamics (Dickson 1992; Nelson 
and Winter 1982), diffusion theory (Gatignon and Robert- 
son 1989), complexity theory (McKelvey 1999), and orga- 
nizational evolution and resource-based theory (Van Wit- 
teloostuijn and Boone 2006). We draw on these various 
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perspectives to equate competitive density with market 
dynamism. We offer demand-side and supply-side argu- 
ments to support our fundamental premise that firms 
enhance performance by shifting emphasis away from cus- 
tomer retention toward customer acquisition strategies as 
competitive density and market dynamism increase. 

On the demand side, different levels of competitive den- 
sity correspond to different patterns of buyer preferences. 
In concentrated markets, buyers exhibit less variety-seeking 
and more loyalty behaviors (Reinartz and Kumar 2003). We 
refer to this market-level tendency to remain loyal to a 
single seller as the "latent retention rate." Given a high 
latent retention rate, sellers in concentrated markets can 
succeed with customer retention strategies that focus on 
satisfying and retaining profitable buyers. By extension, 
customer relational contracts are а valuable market-based 
resource, customer learning is a valuable market-based 
capability, and adaptive learning is a valuable organiza- 
tional capability. In dynamic, fragmented markets, buyers 
actively seek variety and innovation and are less likely to 
remain loyal to a single seller (Gatignon and Robertson 
1989). Fragmented markets reward an emphasis on innova- 
tion that attracts profitable variety- and innovation-seeking 
buyers. Innovation learning is a valuable organizational 
capability, and competitor learning is a valuable market- 
based capability because it enables firms to imitate success- 
ful competitor innovations quickly (Nelson and Winter 
1982). 

On the supply side, the economics of retention and 
acquisition explain why competitive density moderates the 
value of resources and capabilities. We formally define 
potential revenue streams for retention and acquisition 
strategies in Equations 1 and 2, respectively. Retention 
seeks to maximize revenue (or profit) streams from the cur- 
rent customer base. For each firm in the marketplace, the 
size of the current customer base is defined by the total 
number of customers in the market and the firm's share of 
the market. Market share is a function of the number of 
competitors, where 1/n represents the market share for the 
average firm in the market. If n = 2, average market share is 
5096; if n = 10, average market share equals 1096. Thus, C x 
(1/n) in Equation 1 represents the number of customers for 


the average firm in the market. 
1 А 
(69) RS castomer retention (a) = CX Х КРС ау» and 
RS = (1-2) xC xox RPC А 
(2) RS customer aoquuntion (n) = (L~ A) X C x —— x САУ 
where 


RS = revenue stream potential, 
C = total number of customers in the market, 
п = number of competitors, 
А, = latent retention rate, 
i- discount rate, and 
RPC = average revenue per customer. 


For a given period, a firm's revenue from current cus- 
tomers equals the number of current customers times the 


average revenue per customer, which is captured in Equa- 
tion 1 as C x (1/n) x RPC. Assuming a constant retention 
rate (A) and discount rate (i) for current customers, we can 
capture the present value of all future revenue streams from 
current customers by multiplying current revenues—C x 
(1/n) x ЕРС—ђу the factor А/(1 + i — А), which is some- 
times referred to as the “margin multiple" (e.g., Gupta and 
Lehman 2003). Assuming equal market sbare and retention 
rates across competitors, Equation 1 captures revenue 
expectations from current customers as a function of 
competitive density (n) and the latent retention rate (À); the 
size of the current customer base is a decreasing function of 
n, and revenue streams аге an increasing function of A. 

Equation 2 captures generalized revenue potential for a 
customer acquisition strategy. The potential size of the 
acquisition market is the number of customers in the market 
who currently purchase competitor offerings, which is 
captured by C x [(n – 1)/n] in Equation 2. When n = 2, the 
acquisition market is 5096 of the total market; when n = 10, 
the acquisition market is 90%. However, as defined by the 
latent retention rate (À), a percentage of competitors' cus- 
tomers may be unwilling to switch, which decreases the 
effective size of the acquisition market by the factor (1 — А). 
If À = .80 and n = 2, the size of the acquisition market drops 
from 5096 to 1096 [5096 x (1 — .8)] of the total market; if 
^ = .50 and n = 10, the size of the acquisition market drops 
from 90% to 45% (9096 x (1 — .5)] of the total market. 
Thus, the net size of the acquisition market is an increasing 
function of n and a decreasing function of А. We assume 
that projected revenue from an acquired customer in Equa- 
tion 2 follows the same functional form as projected reve- 
nue from a current customer in Equation 1—RPC x [A/(1 + 
і – X. 

We can set Equation 1 equal to Equation 2 and solve for 
different values of n and À that yield equal revenue streams 
for retention and acquisition, which occurs when A = 1 — [1/ 
(n — 1)]. Figure 1 shows that retention and acquisition reve- 
nue potential is equal when À = 0 and n = 2, which is intui- 
tive for a duopoly in which the average firm captures 5096 
of the customer base and revenue potential from current 
customers equals revenue potential from competitors' cus- 
tomers. Revenue potential from retention exceeds revenue 
potential from acquisition in a duopoly if the retention rate 
is positive. Because concentrated markets imply low cus- 
tomer dynamism and a high retention rate, duopolists have 
an economic incentive to emphasize customer retention. 

As the number of competitors in the marketplace 
increases, revenue potential from acquisition increases for a 
given retention rate, and the retention rate required to pro- 
duce equal revenue potential for retention and acquisition 
also increases (see Figure 1). For example, revenue poten- 
tial is equal when n = 3 and A = .5. When n = 10, the reten- 
tion rate required to produce equal revenue potential is .89. 
All else being equal, revenue potential from—and by exten- 
sion, the relative incentive to dedicate resources to—cus- 
tomer retention (acquisition) is a decreasing (an increasing) 
function of the number of competitors. Although this analy- 
sis focuses on revenue, it can be extended to a profit stream 
or customer equity analysis by replacing RPC with contri- 


FIGURE 1 
Modeling Revenue Stream Potential from 
Customer Retentlon and Acquisitlon as a 
Function of Competitlve Density and Latent 
Customer Retention Rate 
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bution margin in both equations and by adding acquisition 
cost to Equation 2. The acquisition cost would shift the 
curve depicted in Figure 1 downward, but the underlying 
implication remains; that is, the relative incentive to dedi- 
cate resources to customer retention (acquisition) is a 
decreasing (an increasing) function of the number of 
competitors. 

This result is consistent with various theoretical, 
analytical, and empirical perspectives. For example, ana- 
lytic modeling (e.g., Nelson and Winter 1982) and empiri- 
cal research (e.g., Schmalensee 1978) indicate that oligopo- 
lists practice mutual forbearance, which produces a Nash 
equilibrium to avoid direct competition. Organizational 
ecology research (Barnett 1997) demonstrates that aggres- 
sive competition (e.g., stealing customers) is less likely as 
the number of competitors decreases. These results support 
our fundamental premise that firms perform better in frag- 
mented markets by placing greater emphasis on product 
innovation and imitation to attract new customers and that 
they perform better in concentrated markets by placing 
greater emphasis on incremental product and process 
improvements to satisfy current customers. 


Hypotheses 
We extend this logic to argue that competitive density mod- 
erates the relationships among firm performance, the use of 
customer relational contracts, and each of five learning ori- 
entations (see Figure 2). Firm performance is captured as 
revenues, expenses, and net income, which reflect distinct 
strategic objectives. When competitive density has direc- 
tionally similar moderating effects on the relationship 
between an asset and both revenue and expenses, the resul- 
tant effect on net income is indeterminate. When competi- 
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FIGURE 2 
Conceptuallzing the Moderating Role of Competitive Density 
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tive density has a negative moderating effect on the rela- 
tionship between an asset and revenue and a positive mod- 
erating effect on the relationship between an asset and 
expenses, the asset may become a liability. 


The Value of Customer Relational Contracts as a 
Function of Competitive Density 


When effective, relationship marketing creates customer 
assets that produce higher revenues, lower marketing costs, 
and higher net income; when ineffective, relationship mar- 
keting creates customer liabilities that produce lower reve- 
nues due to price discounts, higher costs due to promotions 
and giveaways, and lower net income (e.g., Shugan 2005). 
Empirical evidence (Palmatier et al. 2006) suggests that the 
effectiveness of relationship marketing depends on cus- 
tomers' relational needs. Customers with fewer competitive 
options are more likely to seek out and enter into relational 
exchange with a single supplier (Reinartz and Kumar 2003). 

We leverage these findings to argue that the association 
between relational contract use and firm performance is 
contingent on the competitive density of the marketplace. In 
stable, concentrated markets, buyers likely exhibit higher 
latent retention rates due to inertia, loyalty, or dependence, 
and the relative size of the current customer base compared 
with competitors' customer base is larger. Thus, the use of 
relational contracts should have a more positive association 
with revenue in concentrated markets than in fragmented 
markets. In dynamic, fragmented markets, buyers seeking 
variety and innovation should be less receptive to contracts. 
To convince reluctant buyers to enter into a relational con- 
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tract, sellers would be forced to offer greater value, in the 
form of either price discounts or increased benefits, or to 
allocate greater effort and expense to marketing. This sug- 
gests that the use of relational contracts should have a more 
positive association with expenses in fragmented than in 
concentrated markets. 

As competitive density increases, we expect that the 
association between relational contract use and revenue will 
be less positive and the association between relational con- 
tract use and expenses will be more positive, which sug- 
gests that the association between relational contract use 
and net income is attenuated in two ways. In dynamic, frag- 
mented markets, relational contracts may turn from asset to 
liability. More formally, 


H,: Competitive density exerts (a) a negative moderating 
effect on the association between relational contract use 
and revenues, (b) a positive moderating effect on the asso- 
ciation between relational contract use and expenses, and 
(c) a negative moderating effect. on the association 
between relational contract use and net income. 


The Value of Market-Based Learning as a 
Function of Competitive Density 


Market-based learning provides benefits but also entails 
coordination and opportunity costs so that firm performance 
is enhanced by focusing on learning that is consistent with 
the environment. In stable, concentrated markets, firms can 
exploit customer learning, whereas in dynamic, fragmented 
markets, firms should focus on competitor and supplier 
learning. 


Customer learning orientation. ^. customer learning ori- 
entation is a search routine that incorporates customer 
expectations and preferences in developing and modifying 
product offerings. It promotes close interactions with cus- 
tomers and incremental improvements that move products 
toward optimal levels of quality and cost. A focus on cus- 
tomer preferences is particularly effective in achieving 
competitive advantage in stable environments (Slater and 
Narver 1998). However, customer focus may be less effec- 
tive in dynamic environments because it can lead to inertia, 
myopia, and missed opportunities (Christensen and Bower 
1996; Voss and Voss 2000). This suggests that a customer 
learning orientation will have a more (less) positive associa- 
tion with revenues in concentrated (fragmented) markets. 

A customer learning orientation involves time- 
consuming outreach and coordination expenses to commu- 
nicate with customers and to interpret and incorporate their 
feedback into product modification and enhancement. 
These expenses increase when the market is dynamic and 
heterogeneous because monitoring and response activities 
must occur more frequently. This leads us to expect that a 
customer learning orientation will have a more (less) posi- 
tive association with expenses in fragmented (concentrated) 
markets. 

If competitive density attenuates the expected positive 
association between customer learning and revenue and if 
it enhances the expected positive association between cus- 
tomer learning and expenses, the association with net 
income is attenuated in two ways, which could lead to cus- 
tomer learning becoming a liability in competitively dense 
markets. More formally, 


Но: Competitive density exerts (а) a negative moderating 
effect on the association between customer learning orien- 
tation and revenues, (b) a positive moderating effect on 
the association between customer learning orientation and 
expenses, and (c) a negative moderating effect on the 
association between customer learning orientation and net 
income. 


Competitor learning orientation. A competitor learning 
orientation is a search routine that collects intelligence 
about competitive actions and industry trends. A competitor 
orientation facilitates quick imitation of successful innova- 
tions (Nelson and Winter 1982), which should be especially 
valuable in dynamic, fragmented markets in which 
innovation-seeking customers reward timely innovations 
and imitations. Firms can glean more knowledge from a 
competitor learning orientation in high-density markets 
because competitor actions are more dynamic. Firms that 
fail to monitor competitor actions are more vulnerable to 
aggressive attacks in high-competitive-density markets 
(Barnett 1997). Collectively, this suggests tbat competitor 
learning should have a more (less) positive association with 
revenues in fragmented (concentrated) markets. 

Implementing a competitor learning orientation in a 
fragmented market requires more effort and expense 
because it is more difficult to keep up with the large number 
of competitors. Increased competitor heterogeneity and 
dynamism further complicate monitoring and response to 
competitors' actions. Conversely, monitoring and respond- 


ing to a small number of competitors in a stable, concen- 
trated market require less effort and resources. This leads us 
to expect that a competitor learning orientation will have 
a more (less) positive association with expenses in a frag- 
mented (concentrated) market. 

The impact of competitive density on the association 
between competitor learning orientation and net income is 
theoretically indeterminate (and, therefore, an empirical 
question) because competitive density should enhance the 
positive association between competitor learning orienta- 
tion and both revenue and expenses. Formally, 

Ну: Competitive density exerts (а) a positive moderating effect 
on the association between competitor learning orientation 
and revenues and (b) a positive moderating effect on the 
association between competitor learning orientation and 
expenses. 


Supplier learning orientation. We conceptualize sup- 
plier leaning orientation along a continuum that ranges 
from using market mechanisms that include all potential 
suppliers to using relational governance that focuses on a 
few key suppliers. We use the terms “market-based supplier 
learning orientation” to indicate a tendency toward greater 
variety of suppliers and “relational supplier learning orien- 
tation” to denote fewer suppliers. Agency theory, which 
emphasizes relational effectiveness, suggests that a rela- 
tional supplier learning orientation should enhance learning 
and revenues. The transaction cost perspective, which 
emphasizes market efficiencies, suggests that a market- 
based supplier learning orientation should be more cost 
effective. 

Agency theory argues that relational governance pro- 
motes goal alignment between a principal (e.g., buyer) and 
an agent (e.g., supplier) in the presence of risk and outcome 
uncertainty (e.g., Eisenhardt 1989). Relational governance 
facilitates close coupling and customized, seamless integra- 
tion of inputs into innovative, complex offerings, which 
becomes more valuable as market dynamism and uncer- 
tainty increase (Grant 1996). An innovating firm can also 
reinforce differentiation by implementing exclusive deals 
with the most reputable suppliers. Therefore, as competitive 
density and market dynamism increase, a relational supplier 
learning orientation should increase effectiveness and 
revenues. 

The transaction cost perspective holds that market 
exchange is most efficient unless there is market failure, 
which occurs because of transaction-specific assets, small 
numbers, or uncertainty (e.g., Rindfleisch and Heide 1997). 
Market exchange is more efficient than relational gover- 
nance when uncertainty increases (Geyskens, Steenkamp, 
and Kumar 2006) because market exchange allows for the 
most flexible response to dynamic environments. The close 
coupling and interdependence with suppliers advocated by 
agency theory may increase effectiveness and revenues, but 
the required coordination increases administrative efforts 
and expenses. Moreover, firms may pay a price premium to 
suppliers to cover the risk of interdependence in a dynamic 
market. Thus, as competitive density and market dynamism 
increase, a relational supplier orientation becomes less effi- 
cient and leads to higher expenses. 
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As competitive density increases, agency theory pre- 
dicts higher revenues and the transaction cost perspective 
predicts higher expenses for a relational supplier learning 
orientation, which implies that the moderating effect of 
competitive density on the association between supplier 
learning orientation and net income is indeterminate. 
Formally, 


H4: Competitive density exerts (a) a positive moderating effect 
on the association between a relational supplier learning 
orientation and revenues and (b) a positive. moderating 
effect on the association between a relational supplier 
learning orientation and expenses. 


The Value of Organizational Learning as a 
Function of Competitive Density 


The benefits associated with organizational learning also 
entail coordination and opportunity costs. In stable, con- 
centrated markets, firms can successfully exploit current 
knowledge and capabilities. In dynamic, fragmented mar- 
kets, firms must develop dynamic capabilities that explore 
new products and markets (Eisenhardt and Martin 2000). 


Innovation learning orientation. An innovation learning 
orientation generates and cultivates new ideas that result in 
new product offerings. The goal is to increase differentia- 
tion, especially in the form of radical products that provide 
long-term competitive advantages that translate into reve- 
nue gains (March 1991). Innovations should be adopted 
more rapidly in high-competitive-density markets because 
the size of the innovation-seeking market is greater 
(Gatignon and Robertson 1989). This suggests that the 
association between innovation learning and revenue should 
be more (less) positive in fragmented (concentrated) 
markets. 

Innovation is a resource-intensive activity, and the rela- 
tive expense required for successful innovation learning is 
likely higher for small firms competing in dynamic, frag- 
mented markets. Buyers expect and demand higher levels of 
innovation, and competitors are more aggressive in their 
innovation activities. Competing on innovation under these 
conditions requires higher product investments and addi- 
tional coordination expenses to bring innovative products to 
market. This suggests that the association between an inno- 
vation learning orientation and expenses also should be 
more (less) positive in fragmented (concentrated) markets. 

As competitive density increases, innovation learning 
should lead to higher revenues and expenses, which implies 
that the moderating effect of competitive density on the 
association between innovation learning orientation and net 
income 1s an empirical question. Thus: 

Hs: Competitive density exerts (a) a positive moderating effect 
on the association between an innovation learning orienta- 
tion and revenues and (b) a positive moderating effect on 
the association between an innovation learning orientation 
and expenses. 


Adaptive learning orientation. An adaptive learning ori- 
entation emphasizes structured self-evaluation to exploit 
current competencies and to create more efficient processes. 
This structured, linear approach to decision making and 
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learning aligns well with stable, concentrated markets that 
evolve incrementally (Sommer and Loch 2004), but deliber- 
ate learning-by-doing adaptive processes can lead to organi- 
zational inertia associated with formalized, structured tasks 
(Zollo and Winter 2002). In dynamic, fragmented markets, 
in which change is unpredictable and, at times, nonlinear, 
trial-and-error prototyping involving high levels of improvi- 
sation is more appropriate than disciplined problem solving 
(Eisenhardt and Martin 2000; Miner, Bassoff, and Moor- 
man 2001). This leads us to predict that the association 
between an adaptive learning orientation and revenues will 
be less (more) positive in fragmented (concentrated) 
markets. 

An adaptive learning orientation exploits current com- 
petencies to produce incremental gains that eliminate ineffi- 
ciencies and decrease production and coordination 
expenses. Thus, we expect a negative association between 
adaptive learning and expenses. Cost advantages associated 
with adaptive learning should be more pronounced in 
dynamic, fragmented markets in which most competitors 
are implementing frequent changes associated with explo- 
ration and differentiation. This suggests that the association 
between an adaptive learning orientation and expenses will 
be more (less) negative in fragmented (concentrated) 
markets. 

As competitive density increases, an adaptive learning 
orientation should lead to lower revenues and expenses, 
which implies that the moderating effect of competitive 
density on the association between adaptive learning and 
net income is an empirical question. Thus: 


Hg: Competitive density exerts (a) a negative moderating 
effect on the association between an adaptive learning ori- 
entation and revenues and (b) a negative moderating effect 
on the association between an adaptive learning orienta- 
tion and expenses. 


The Research Program 


We chose the nonprofit professional theater industry in the 
United States as the study context to test the hypotheses. 
Because the theoretical advantages of different learning ori- 
entations hinge on adapting to diverse competitive markets, 
it is important to test the effects in environments character- 
ized by heterogeneity and dynamism. Similar to other cul- 
tural industries, the nonprofit professional theater industry 
is marked by interpretive and experimental products and 
changing, ambiguous, and unstable environments with 
uncertain customer demand, rapidly changing products, and 
unpredictable product success (Voss, Montoya-Weiss, and 
Voss 2006). 

We focus on theaters with membership in Theatre Com- 
munications Group (ТСС), the largest service organization 
for nonprofit professional theaters in the United States, 
whose membership is open to nonprofit professional thea- 
ters with annual budgets of $50,000 or more. Theatre Com- 
munications Group conducts an annual survey of its mem- 
bers’ fiscal and operating performance and verifies each 
theater’s information against accounting audits to ensure 
accuracy. In 2003, TCG member theaters constituted a $903 


million industry, produced more than 66,000 performances 
for 18.2 million ticket buyers, and employed approximately 
43,685 individuals (Voss et al. 2004). 


Measurement 


We designed the study to minimize concerns of endogeneity 
and simultaneity. At the end of fiscal year (FY) 2002, we 
sent learning orientation surveys to managing directors of 
the 269 TCG theaters. After two follow-up contacts with 
nonrespondents, we ultimately received responses from 152 
managing directors (5796 response rate). At the end of 
FY2003, TCG collected objective performance data from 
member theaters. This two-wave design ensures temporal 
ordering consistent with the theoretical predictions that 
resources and capabilities lead to firm performance. Our 
analyses are based on the 129 theaters for which we 
received survey responses and performance data from TCG. 
In Table 1, we present the descriptive statistics and a corre- 
lation matrix for the variables of interest, which we now 
describe in greater detail. 


Revenues, expenses, and net income. Measures for the 
dependent variables came from the TCG survey. To control 
for firm size, we divided revenue, expenses, and net income 
by the theater's total annual seating capacity. Ticket revenue 
captures ticket sales to transactional and relational cus- 
tomers. We examined three types of expenses: (1) Product 
expenses include salaries for artistic personnel; production 
costs for sets, lighting, and costumes; and salaries for the 
production crew; (2) administrative expenses include 
salaries for administrative staff, including management, 
marketing, and box office personnel, who are responsible 
for coordinating internal and external boundary-spanning 
activities; and (3) marketing expenses include advertising, 
direct mail, telemarketing, and personal selling efforts. Net 
operating income is the annual surplus or deficit. 


Relational contracts. We measured the level of rela- 
tional contracts with subscriber ticket revenues, which 
come from relational customers who prepurchase a package 
of plays, typically an entire season. We also divided this 
measure by the theater's total annual seating capacity. 


Learning orientations. We adapted measures from the 
literature to create scales that reflect learning orientations in 
the nonprofit theater industry. The Appendix presents 
descriptions of the items and factor analysis results. Five 
factors emerged with eigenvalues greater than 1, collec- 
tively explaining 7196 of total variance. Items for each scale 
loaded together on a single factor, none of the cross-factor 
loadings exceeded .30, and all the scale reliabilities 
exceeded .70. As Table 1 shows, the correlations among the 
learning orientation scales were modest, and confirmatory 
factor analysis supported the discriminant validity of the 
five scales. 


Competitive density. The competitive density measure 
came from Internal Revenue Service (IRS) Form 990, 
which is required of all nonprofit theaters with budgets 
greater than $25,000. These data are compiled in the Uni- 
fied Database of Arts Organizations by the National Center 


for Charitable Statistics. We derived competitive density 
scores by sorting the 129 TCG theaters and the 1348 IRS 
Form 990 theaters by city and state. We then counted the 
number of theaters in the IRS database that corresponded to 
each TCG theater city. 


Control variables. To control for initial conditions, we 
included lagged dependent variables in each analysis, along 
with the number of seats for each theater. To control for 
marketing activities, we included current-year marketing 
expenses (divided by total annual capacity, to control for 
firm size) along with the quadratic term to allow for curvi- 
linearity in tbe ticket revenue and net income analyses. To 
control for pricing and market-level heterogeneity, we 
included average ticket price and its quadratic and market 
population from U.S. Census data. 


Model Specification 


We implemented logarithmic transformations for ticket 
revenue and expenses to improve distribution. Residual 
analysis indicated no obvious outliers. We mean-centered 
independent variables before creating interaction and qua- 
dratic terms; all variance inflation factors were less than 
ten, suggesting that collinearity was not a serious problem. 
We implemented the Heckman (1979) two-step procedure 
to explore selection bias. Using FY2002 ticket revenue, net 
income, number of seats, average price, and market popula- 
tion, we created a selection control variable (i.e., inverse 
Mill's ratio) that captures the effect of unmeasured charac- 
teristics related to the selection decision. The selection con- 
trol variable was not significant, and its inclusion did not 
change the results, so we omitted the control variable from 
the final analyses. 

Because underlying curvilinear relationships can mani- 
fest as significant interaction terms, we explored models 
that specified quadratic terms for the variables of interest. 
The competitive density quadratic was significantly nega- 
tive in the revenue and net income models, which is consis- 
tent with the idea that new entrants are attracted to large, 
profitable markets until density becomes so great that per- 
formance suffers. To exploit the information in the corre- 
lated error terms, we used seemingly unrelated regression 
(Zellner 1962) to analyze the system of equations. À pre- 
liminary examination of the results supports the validity of 
the models (see Table 2). The independent variables explain 
a large portion of the variance in each dependent variable. 
Collectively, the six interaction terms explain a significant 
portion of the variation in each model, and the effects for 
the control variables are consistent with expectations. 


Results 


H; predicts that competitive density will exert a negative 
moderating effect on the association between relational 
contracts and ticket revenue, a positive moderating effect on 
the association between relational contracts and expenses, 
and a negative moderating effect on the association between 
relational contracts and net income. Consistent with Hja, 
the relational contract revenue x competitive density coeffi- 
cient is significantly negative in the ticket revenue model. 


The Customer Acquisitlon-Retention Trade-Off / 9 


"(еј peje1-o^1) со” > d 18 јивоујивиа ee [21 че 1638618 esou рив ‘ро: > d ye jueorjuBis ere |22:| ивц} 1048015 виоцшелоо ‘621 = 
868 эювиелв Jed злвјор ве pesseidxe ere ејавџел esuedxe рив 'өшоои ‘anu 





(ge |) 

001 20°  40- g zo- Sr €0- 60 zZz- 10° 9r- o & ve" 50—  €0€i 
(01'#99) 

001 ег €l- 21-00-60 10- 00° Ok S0-  vi- Oo- 40- zr a 
60'8 

oor 10-  20- 80 oe- tc  *0- 69 gzz- OL г0' £r LL 102 
(8885) 

00L 00: № 80- S0 9- wv 9L- в 6€ £s €0° i 
LE'L 

001 +o- ro- oF Iz vl- 00° SZ- vl- Z- g0- 92g 

(S41) 

001 9L- 5 Or- pr Sr- so 70" 0L и руга 

| (20'1) 

00, oz- 60- 6z- 0- or- zo- o- gz- ie 

LE'L 

000 40- = oz- 10- g0- в- Iz 167 

(re 1) 

00} 9L- 80- 6s- 9z- 9€- Zp- pze 

(ер'9) 

001: Zz- 62 OL vc 28 80'9 

(169) 

001 60° Iz LE 4Z- S6- 

: (89'7) 

001 8 ez Ze 99'9 

Ug) 

oot O9 LE £/'8 

(69' LL) 

OOF 22 86'8L 

(6c 4) 

001 991 





(иореш:ојѕивд-Вој) uone|ndog · 
51205 Jo JequinwN ' 

eoud ебвјелу · 

Aysuep өлрцәйшоо : 
иоцвиено Bujuree| eandepy · 
uopejueuo Bujuree| иодвлоиці ` 


иоцејиеро Вишувә| 1ejjddng - 


цодвзиеро Bujuree| одедшод) 


uopnejueuo Вщигвәј 1901319 


вепџелел }едиоо [виоцаен ` 


вгешоош JON 


esesuedxe Випеџеу ' 
esesuedxe uongisiujupy * 
eSesuedxe јопроја ` 


вепиеле: зе. ` 


SL YL £l eL LL OL 6 8 2 9 S 14 5 [4 | 


N :вејоМ 
еле. OU | e 





139104 JO војавџел 10; хула џопвјелод pue зопвреје eAnduoseq | 


алау! 


10 / Journal of Marketing, November 2008 


TABLE 2 


Regression Analysis Results 





Ticket =ч Net 
Revenue Product Administrative Marketing Income 
Н; Relational contract revenue x competitive density —.001** —.002** .000 ~.001* —.032*** 
Н› Customer learning orientation x competitive density —.008** —.003 .023*** —.001 —.295*** 
На Competitor learning orientation x competitive density 014*** .006 .014** .015*** .096 
H4 Supplier learning orientation x competitive density .013*** .019*** .025*** .021*** —.435*** 
Hs Innovation learning orientation x competitive density .011*** .008** .007* .012*** —.007 
Hg Adaptive learning orientation x competitive density —019** | —002 —.022*** —.027*** .350*** 
Main Effects 
Relational contract revenue .004 .011** .012* .015** —.420*** 
Customer learning orientation —.016 —.049** .005 —063"*  —1.156"* 
Competitor learning orientation .047** —.007 .038 .073*** .230 
Supplier learning orientation 062*** .076*** .091*** .087***  -1.323*^* 
Innovation learning orientation .047*** .040*** .044** .039** —.139 
Adaptive leaming orientation —.051** .009 —.028 —.112*** 1.469*** 
Competitive density/10 —.018* —.005 —.020 .002 .339** 
Competitive density/102 —.004*** .000 —.000 —.003* —.093*** 
Control Майа ев 
Lagged dependent variable .050*** .036*** .066*** .074*** .164*** 
Marketing expenses .009* .451*** 
Marketing expenses? —.001** .074*** 
Average price .019*** .015*** .012** .014*** .160*** 
Average price? —001** | —001** -.001** —001** —.002 
Number of seats —.008** —.007** —.004 —.004 —.039 
Population —.028* —.045** .012 —.062"* —.779*** 
Intercept 2.416" 2.842“ 1.437*** 2.271" 10.593" 
Model Fit 
R2 with interaction terms (for the system of 
equations = .79) .90*** .80*** ті 75*** ‚76*** 
R2 without Interaction terms (for the system of 
equations = .73) .87*** 15*** .63*** 717“ .52*** 
F-value (6/541 d.f.) testing the significance of the 
interaction terms 5.16*** 3.92*** 5.34*** 3.20*** 17.53*** 


*p < 10 (one-tailed t-test). 
**p < .05 (one-tailed t-test). 
***p < .01 (one-talled t-test). 


The results do not support Нуь, because the relational con- 
tract revenue x competitive density term is significantly 
negative in the product and marketing expense models and 
is not significant in the administrative expense model. Нус 
is supported because the relational contract revenue x 
competitive density term is significantly negative in the net 
income model. 

We plot selected interaction effects in Figure 3 along 
with simple slope coefficients (Aiken and West 1991). To 
ensure that the plots remain within the range of the data, we 
set the low/high level of competitive density at .6 standard 
deviations below/above the mean, which roughly equates to 
markets with 3 and 62 theaters, respectively. As Figure 3, 
Panel А, shows, the relationship between relational contract 
revenue and ticket revenue is marginally positive in low- 
competitive-density markets but is not significant in high- 
competitive-density markets. This suggests that in high- 
competitive-density markets, increases in relational 


revenues are accompanied by decreases in transactional 
revenues, resulting in no change in total ticket revenue, à 
trade-off that does not occur when competitive density is 
low. Figure 3, Panel B, reveals that the relationship between 
relational contract revenue and net income is negative in 
low-competitive-density markets and is even more negative 
in high-competitive-density markets. 

Consistent with Нол the customer learning orientation х 
competitive density term is significantly negative in the 
ticket revenue model. There is support for Hy, only in the 
administrative expense model, in which the customer learn- 
ing orientation x competitive density term is significantly 
positive. In confirmation of Нос, the customer learning 
orientation X competitive density term is significantly nega- 
tive in the net income model. Customer Jearning produces 
higher (lower) ticket revenue in low- (high-) competitive- 
density markets. A customer learning orientation also pro- 
duces higher (lower) administrative expenses in high- 
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(low-) competitive-density markets. The combination pro- 
duces the strong interaction depicted in Figure 3, Panel C; 
that is, customer learning orientation exerts a significant, 
negative effect on net income in high-competitive-density 
markets and a marginally positive effect in low-competitive- 


density markets. 


Consistent with Нз„, competitive density exerts a posi- 
tive moderating effect on the association between competi- 
tor learning orientation and ticket revenue. Figure 3, Panel 
D, shows that competitor learning orientation has a positive 
effect on ticket revenue when competitive density is high 


but has no effect when it is low. The competitor learning 


FIGURE 3 


Plots for Selected Interaction Effects 
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C: Effect of Customer Learning 
Orlentation and Competitive 
Density on Net Income 
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F: Effect of Supplier Learning 
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orientation x competitive density interaction term is not sig- 
nificant in the product expense model but is significantly 
positive in the administrative and marketing expense mod- 
els. The empirical results indicate no moderating effects for 
net income, which suggests that the positive moderating 
effect of competitive density on ticket revenue is cancelled 
out by the positive moderating effects on administrative and 
marketing expenses. 

Ha, is supported because the supplier learning orienta- 
tion x competitive density term is positive in the ticket reve- 
nue model. Figure 3, Panel E, shows that relational suppher 
learning produces a positive effect on ticket revenue when 
competitive density is high and no effect when competitive 
density is low. In support of Ha, the supplier learning ori- 
entation X competitive density term is positive in all three 
expense models. This consistently positive moderating 
effect on expenses leads to a negative supplier learning ori- 
entation х competitive density term in the net income 
model. Figure 3, Panel F, shows that a relational supplier 
learning orientation exerts a negative (positive) effect on net 
income when competitive density is high (low). 

Consistent with Ha, the innovation learning orienta- 
tion x competitive density term is positive in the ticket reve- 
nue model. Figure 3, Panel G, shows that innovation learn- 
ing has a positive effect on ticket revenue when competitive 
density is high and no effect when competitive density is 
low. In support of Hsp, the innovation learning orientation x 
competitive density term is positive in all three expense 
models. In high-competitive-density markets, innovation 


learning leads to higher revenue but also higher costs asso- 
ciated with experimentation, research and development, and 
higher-quality inputs, so that competitive density has no 
moderating effect on net income. 

Hg, is supported by the negative adaptive learning orien- 
tation x competitive density term in the ticket revenue 
model. Figure 3, Panel H, shows that adaptive learning 
exerts a negative (positive) effect on ticket revenue when 
competitive density is high (low). The adaptive learning ori- 
entation x competitive density term is not significant in the 
product expense model but is negative in the administrative 
and marketing expense models, in support of He. The 
adaptive learning orientation x competitive density term is 
positive in the net income model, producing a positive asso- 
ciation between adaptive learning and net income when 
competitive density is high but no association when density 
is low (Figure 3, Panel I). 


Examining the Stability and Robustness of the 
Results 


As Table 3 summarizes, the results offer at least partial sup- 
port for 13 of the 14 directional hypotheses. For the four 
interaction effects for which we could not offer directional 
hypotheses, two were not significant, one was negative, and 
one was positive. Our data collection established the appro- 
priate temporal ordering between learning orientations mea- 
sured during the fiscal year and dependent variables mea- 
sured at the end of the fiscal year. Still, we explored the 
robustness of our results by reestimating the models using 


TABLE 3 
Hypothesized Interaction Effects and Results Using One Year and Two Years of Dependent Variables 


р === и 


Н; Relational Contract Revenue x Competitive Density 
Revenue 


Expenses? 


Net income 


Hə Customer Learning Orientation x Competitive Density 


Revenue 


Expenses? 


Net income 


На Competitor Learning Orientation x Competitive Density 


Revenue : 
Expensesb 
Net income 
H4 Supplier Learning Orientation x Competitive Density 
Revenue 
Expensesb 
Net income 


Hs Innovation Learning Orientation x Competitive Density 


Revenue 
Expenses? 
Net Income А 
Hg Adaptive Learning Orientation x Competitive Density 
Revenue 
Expenses? 
Net income 


Hypotheslzed One-Year Two-Year 
Effect Results Results® 
Negative Negative Negative 
Positive Negative M NegativeP^ 
Negative Negative Negative 
Negative Negative Negatlve 
Positive Positive^ Positive^ 
Negative Negative Negative 
Positive Positive Positive 
Розе Posltive^.M PosltiveP A. M 
Indeterminate No effect Positive 
Positive Positive Positivo 
Positive PositivePA.M PositiveRAM 
Indeterminate Negative Negative 
Positive Positive Positive 
Posltive PosltivePA.M No effect 
Indeterminate No effect No effect 
Negative Negative Negative 
Negative NegatrveA.M NegativeAM 
indeterminate Positive Positive 


EE M е = 
aFor one-year results, the results that fail to support the hypotheses appear In bold; for the two-year results, the results that fail to replicate the 


one-year results appear in bold. 


bSuperscripts P, A, and M Indicate significant results in the product expenses model, administrative expenses model, and marketing expenses 


model, respectively. 
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two years of objective firm data—that is, FY2003 and 
FY2004. If relational and intellectual assets are relatively 
enduring, the results should replicate into the near future. 
In estimating the models using two years of data, we 
assumed constant slope coefficients but allowed for hetero- 
geneity with random intercepts (Hsiao 2004). We used resid- 
ual restricted maximum likelihood and specified repeated 
measures for each firm to define the covariance structure. 
We obtained data for the additional year from TCG. Twenty- 
six firms did not provide FY2004 data, but the Heckman 
(1979) procedure indicated that selection bias was not prob- 
lematic. The analyses using two years of data produced sub- 
stantially similar results, which we summarize in the last 
column of Table 3. Of the 14 hypothesized paths, 13 were 
replicated. The innovation learning orientation x competi- 
tive density interaction term, which was positive in all three 
expense models using one year of data, was not significant 
in any of the expense models using two years of data. This 
result is reasonable if allocations to research and develop- 
ment and experimentation are more discretionary and 
dynamic than other expenses. One nonreplicated result was 
for a path for which we did not offer a hypothesis. The com- 
petitor learning orientation x competitive density interaction 
term was significantly positive (B — .138, p « .05) in the net 
income model using two years of data. Competitive learn- 
ing exerted a positive effect on net income when competi- 
tive density was high and no effect when density was low. 


Discussion 


Can an asset become a liability? The empirical results from 
this single industry suggest that customer relational con- 
tracts and customer learning become liabilities in high- 
competitive-density markets. The use of customer relational 
contracts has a positive effect on revenue in low- 
competitive-density markets and no effect on revenue in 
high-competitive-density markets. Firms can use customer 
relational contracts to build revenues and market share in 
stable, concentrated markets but not in dynamic, frag- 
mented markets, but the costs of maintaining these con- 
tracts exceed the revenue benefits, leading to lower net 
income in all markets in this industry. Therefore, customer 
relational contracts are a liability in high-density markets. 

Customer learning is a clear asset in low-competitive- 
density markets, leading to higher revenues and net income, 
but in high-competitive-density markets, customer learning 
becomes a liability, leading to lower revenues and net 
income. Collectively, these results support our fundamental 
premise that focusing on customer retention can be produc- 
tive in stable, concentrated markets but not in dynamic, 
fragmented markets. In high-competitive-density markets, 
customer-based assets, both relational and intellectual, 
become liabilities, and firms perform better if they allocate 
resources to building other assets. 

Ideally, firms can pursue strategies that maximize both 
revenues and profits; realistically, firms often face trade-offs 
between these two objectives (Rust, Moorman, and Dickson 
2002). Opposite signs for two of the interaction terms in the 
ticket revenue and net income results point to two such 
trade-offs. Competitive dynamics can explain the diverging 


14/ Journal of Marketing, November 2008 


results for a relational supplier learning orientation, which 
produces higher ticket revenue but lower net income in 
dynamic, fragmented markets. Key sources of supply 
become more valuable as innovation increases, and the 
resultant supply-demand disequilibrium can lead to higher 
prices and profits for suppliers of key production inputs. If 
we use a technology analogue, this is equivalent to a com- 
puter manufacturer insisting on selling "Intel Inside" com- 
puters, even if less expensive chips are available. The price 
premium for components valued by end customers is trans- 
ferred to Intel, not to the computer manufacturer. For thea- 
ters in competitive markets, securing and maintaining close 
relationships with successful directors, designers, and 
actors increases ticket revenues but also increases expenses 
for artistic salaries; higher-quality lighting, sets, and cos- 
tumes; and administrative efforts to manage the relation- 
ships (see Table 2). Thus, consistent with agency theory, 
ticket revenues go up when relational supplier exchanges 
promote goal congruence with guest directors, designers, 
and actors to achieve the highest-quality productions, and 
consistent with the transaction cost perspective, expenses 
go down and net income goes up when market-based sup- 
plier exchange procures more cost-efficient artists. 

In high-competitive-density markets, adaptive learning 
leads to lower ticket revenue but higher net income. Internal 
process improvements increase administrative and market- 
ing efficiency and net income, even if customers do not 
respond to the incremental improvements. These results 
suggest a trade-off between organizational flexibility to 
respond to market opportunities and operational efficiency 
focused on improving internal processes. This may repre- 
sent a competency trap, with firms fixating on exploitative, 
incremental learning to the exclusion of explorative, inno- 
vation learning (e.g., Dickson, Farris, and Verbeke 2001). 

Ultimately, firms facing such trade-offs must decide 
whether revenue or profit objectives are more important. If 
the marketplace is expected to remain fragmented and 
dynamic, maximizing net income at the expense of revenue 
growth may be a viable long-term strategy, but if market- 
place dynamics move toward increasing industry concentra- 
tion, the long-term viability of focusing on net income 
rather than revenue becomes tenuous because shakeout 
eliminates smaller competitors. In the following sections, 
we offer practical insights for allocating resources under 
different market conditions, and we propose hybrid strate- 
gies that achieve a compromise between revenue and profit 
objectives. 


Improving Firm Performance in Dynamic, 
Fragmented Markets 


In dynamic, fragmented markets, firms maximize revenues 
by implementing a customer acquisition strategy that 
emphasizes innovation and competitor learning. They 
Should avoid customer and adaptive learning orientations, 
and supplier learning should focus on building close rela- 
tionships with a few key suppliers. Theaters in competi- 
tively dense markets could increase ticket revenue by $4.06 
per available seat with a one-unit increase in innovation, 


' competitor, and relational supplier learning orientations and 


à one-unit decrease in customer and adaptive learning ori- 


entations (see Table 4). Given average ticket revenue per 
available seat of $13.65 for our sample, $4.06 represents a 
3096 increase. 

Theaters in high-competitive-density markets can 
increase net income by $5.63 per available seat by imple- 
menting a one-unit increase in adaptive learning combined 
with a one-unit decrease in relational contract revenue and 
customer and relational supplier learning orientations 
(Table 4). This would turn a net loss of $1.95 per available 
seat into a net surplus of $3.68 per available seat for the 
average theater in our sample. 

These results underscore the importance of innovation 
and imitative learning in competitive, dynamic markets 
(Dickson 1992). The relational contract and customer learn- 
ing results point to the “dark side" of customer relationships 
(Shugan 2005) and are consistent with research that sug- 
gests that close relationships with current customers can sti- 
fle innovation (Christensen and Bower 1996) and that high 
levels of innovation can compromise a firm's ability to 
maintain close relationships with customers (Voss, 
Montoya-Weiss, and Voss 2006). | 

The conflicting results in the revenue and net income 
models suggest a compromise strategy to increase revenue 
without sacrificing net income. In competitive markets, an 
increase in innovation and competitor learning, a decrease 
in relational contracts and customer learning, and moderate 
levels of adaptive and supplier learning would increase 
ticket revenue and net income per available seat by $2.08 
and $1.92, respectively (Table 4). 


Improving Firm Performance in Stable, 
Concentrated Markets 


The overall value of relational and intellectual assets is 
much lower in low-competitive-density markets (see Table 


4), but firms can increase revenue by implementing a cus- 
tomer retention strategy that emphasizes customer rela- 
tional contracts and customer and adaptive learning. A cus- 
tomer learning orientation also increases net income in 
low-competitive-density markets, but customer relational 
contracts do not. The interaction effects for both assets were 
consistent with our hypotheses, but the negative effect of 
customer relational contracts on net income in low- 
competitive-density markets was unexpected (see Figure 3, 
Panel B). This result is partially driven by the unexpected 
negative relational contract revenue x competitive density 
interaction in the product expense model. Theaters in high- 
competitive-density markets spend more on product regard- 
less of the level of relational contract revenue. Theaters in 
low-competitive-density markets increase product spending 
as relational contract revenue goes up, in essence increasing 
product benefits to encourage and reward relational cus- 
tomer behavior. 

We also did not expect that emphasizing relational sup- 
plier learning in low-competitive-density markets would 
lead to higher net income (Figure 3, Panel F). Surprisingly, 
theaters in low-competitive-density markets do not decrease 
expenses by using market exchange to employ directors, 
designers, and actors. These theaters can contract creative 
talent from the larger national market (e.g., New York) or 
the smaller local market. Contracting in New York typically 
involves market-based "cattle calls" that entail expenses for 
casting agents and audition space and then travel and hous- 
ing expenses for the out-of-town talent. Theaters that 
choose instead to contract locally face market failure 
because of the small numbers of artistic suppliers and buy- 
ers, ultimately motivating both parties to develop relation- 
ships. Thus, whereas theaters in high-competitive-density 
markets face lower transaction costs when hiring local 


Table 4 
Estimating Marginal Effects of a One-Unit Change in Relational and Intellectual Assets in High- and Low- 
Competitive-Density Markets 


Marginal Effect of a 
One-Unit Increase 
on Ticket Revenue 


High-Competitive-Density Markets 


Relational contract revenue $.00 
Customer learning orientation —$.34 
Competitor learning orientation $.90 
Supplier learning orientation $1.01 
Innovation learning onentation $.84 
Adaptive learning orientation —$.97 


Total marginal effect on ticket revenue 
Total marginal effect on net income 


Low-Competitive-Density Markets 


Relational contract revenue $.14 
Customer learning orientation $.28 
Competitor learning orientation $.00 
Supplier learning orientation $.00 
Innovation learning orientation $.00 
Adaptive learning orientation $.54 


Total marginal effect on ticket revenue 
Total marginal effect on net income 


Marginal Effect of a | Net 
One-Unit Increase Revenue Income Joint 
on Net Income Focus Focus Focus 
—$.46 Low Low Low 
—$1.46 Low Low Low 
$.00 High High High 
—$1.83 High Low Average 
$.00 High High High 
$1.88 Low High Average 
$4.06 $.10 $2.08 


—$1.79 $5.63 $1.92 


—$.28 High Low Average 
$.28 High High High 
$.00 
$.74 High High High 
$.00 
$.00 High High High 

$.96 $.68 $.82 


$.74 $1.30 $1.02 


Notes: Marginal effects for ticket revenue are calculated at the arithmetic mean; nonsignificant effects are shown as zero. 
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talent using market-based exchange, theaters in low- 
competitive-density markets face higher transaction costs 
when hiring out-of-town talent using market-based 
exchange, and they face market failure because of the small 
numbers if they attempt to hire locally. 

The conflicting results again point to different strategies 
depending on the firm's objectives. For example, in low- 
competitive-density markets, theaters could increase reve- 
nues by $.96 per available seat (a 796 increase for the aver- 
age theater) with a one-unit increase in customer relational 
contracts and customer and adaptive learning orientations; 
theaters could increase net income by $1.30 per available 
seat with a one-unit increase in customer and relational sup- 
plier learning orientations and a one-unit decrease in cus- 
tomer relational contracts; or a compromise strategy with 
high levels of customer, supplier, and adaptive learning and 
a moderate level of cüstomer relational contracts could 
increase revenue by $.82 and net income by $1.02 (Table 4). 


Implications 


Our results support conceptual and analytic evidence from 
competitive dynamics and dynamic capabilities. Consistent 
with competitive dynamics theory (e.g., Dickson 1992), 
resources and capabilities have a greater impact on perfor- 
mance when competitive density is high. Firms in concen- 
trated, stable markets have less to gain or lose from their 
decisions to focus on various resources or capabilities. 
However, for firms in fragmented, dynamic markets, align- 
ing relational resources and dynamic capabilities with the 
environment can be critical to survival. 

The size of the interaction effects on net income (2496 
of total variation) is especially noteworthy because of the 
causal ambiguity surrounding the complex, contingent rela- 
tionships we uncovered. The value of a dynamic capability 
increases as imitability decreases, and causal ambiguity 
represents a key barrier to imitability. Careful observation 
may yield an intuitive understanding of the relationships 
among relational contracts, learning, and revenues in a 
single market, but those relationships may not generalize to 
other product markets. Moreover, close observation could 
easily miss the complex relationships among relational con- 
tract revenues, learning, and net income, even in a single 
market, though an accurate understanding of these relation- 
ships can produce a significant impact on the bottom line. 

Although we examine the performance of relatively 
small firms that compete in a single geographic market, 
the results offer insights for larger organizations competing 
in multiple geographic and product markets that feature 
different levels of competitive density. This might trans- 
late to urban versus rural markets, advanced versus 
developing international markets, or related but distinctly 
different product markets. In high-competitive-density 
markets, firms should introduce innovations that appeal to 
dynamic, variety- and innovation-seeking customers; in 
low-competitive-density markets, they should focus on 
incremental evolution that targets and satisfies profitable, 
loyal customers. 

On the basis of our findings, we speculate about the role 
of relational contracts and learning orientations as markets 
transition from high to low competitive density. Such a 
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shakeout is a natural evolution in maturing product markets. 
А key challenge during the transition is determining how to 
translate early mover advantages accrued in dynamic mar- 
kets into long-term advantages that persist in a stable mar- 
ket. Our results demonstrate that innovation and competitor 
learning, which are critical to building revenues in dynamic, 
fragmented markets, become less valuable as the number of 
competitors decreases. Thus, firms that successfully inno- 
vate during the growth stage of a product market face a dif- 
ficult strategic decision: Do they continue to introduce 
innovations to intentionally disrupt the market, or do they 
place less emphasis on innovation and imitation and greater 
emphasis on customer relationships? The former strategy 
attempts to forestall a transition to maturity by fostering 
high levels of innovation and competition, whereas the Ilat- 
ter seeks to align organizational culture with a maturing 
marketplace. 


Limitations and Future Research Directions 


The underlying logic for our hypotheses builds on the 
assumption that both seller and buyer dynamism increase as 
competitive density increases, but we measure only 


competitive density and not the actual dynamism of the 


marketplace. Anecdotal observation supports our contention 
that high-competitive-density theater markets are more 
dynamic than low-competitive-density theater markets. Post 
hoc analyses also support this observation. For example, in 
our sample, competitive density is related positively to 
objective measures of innovation, such as the number of 
world premieres (r = .25, p « .01) and readings and work- 
shops (r — .35, p « .01), which are equivalent to research 
and development. Competitive density is also related nega- 
tively to the percentage of total revenue from subscription 
package sales (г = —19, р < .05) and the renewal rate of 
subscribers (г = —35, p < .01), consistent with the idea that 
buyers in high-competitive-density markets seek greater 
variety. This evidence supports the underlying logic that 
both seller and buyer dynamism increase as competitive 
density increases, but further research should examine the 
link between competitive density and market dynamism. 
Although we speculate about evolving dynamic capabil- 
ities in response to transitioning markets, our research 
focuses on the link between relational and intellectual 
assets and performance in a single industry during one or 
two years. Further research should examine temporal 
changes in seller and buyer dynamism and consider how the 
value of a firm's assets changes over time. Although the use 
of a single industry enhances internal validity, caution 
should be used when generalizing these findings to other 
industries. Observation suggests that competitive density 
probably exerts similar moderating effects in the restaurant, 
fashion, and other creative industries that are inherently 
fragmented. In these industries, it is intuitive that more 
competitive geographic markets, such as New York, Lon- 
don, or Paris, exhibit more innovative offerings that cater 
to transient variety- and innovation-seeking customers, 
whereas less competitive and smaller geographic markets 
produce more stable offerings that cater to local, repeat cus- 
tomers. However, additional research that examines differ- 


ent industries using different samples is required to under- 
stand fully the effects of competitive density. 

Our analyses focus on ticket revenue, expenses, net 
income, and relationships with customers and suppliers, but 
the nonprofit theaters in our sample serve a variety of stake- 
holders and generate significant revenue from sources other 
than ticket buyers (Voss, Cable, and Voss 2000; Voss, Voss, 
and Moorman 2005). For example, the theaters in our sam- 
ple generate approximately 5096 of their revenue through 
contributions from individuals, corporations, foundations, 
and government agencies. We did not examine these reve- 
nue sources, because the regional, national, and sometimes 
international scope of the contributor markets does not 
match the level of theory and measurement for competitive 
density. This limitation is particularly relevant to the 
applied discussion of improving theater performance in 
dynamic and stable markets, which may not generalize to 
performance in terms of contributed revenue. 

Our results add to the literature demonstrating that the 
benefits of resources and capabilities are contingent on the 
environment (e.g., Gatignon and Xuereb 1997; Grewal and 
Tansuhaj 2001), but additional research is needed to recon- 
cile the equivocal results for the moderating effect of 
competitive conditions (e.g., Kirca, Jayachandran, and 
Bearden 2005). Prior research has largely used managers’ 
assessments of the extent to which competition is "cut- 
throat,” creates “promotion wars,” and causes "[p]rice com- 


petition" (Jaworski and Kohli 1993, p. 68). This classical 
economic perspective of competition may offer insight for 
stable, concentrated markets that compete on price, but it is 
less informative for dynamic, fragmented markets in which 
innovation and differentiation drive competitive advantage. 
The use of self-reported measures and samples from multi- 
ple industries also could explain equivocal results for the 
hypothesized moderating effects for competition (Gilbert 
2006). We believe that an objective measure of competitive 
density offers greater insights in a dynamic marketplace. 


Conclusion 


There is widespread consensus that resources and capabili- 
ties are key drivers of competitive advantage, but this 
knowledge is insufficient to achieve superior business per- 
formance. Managers need to know which resources and 
capabilities are most effective in achieving different busi- 
ness objectives and how the competitive environment influ- 
ences those relationships. In short, managers must under- 
stand how to build, allocate, and adapt their resources and 
capabilities in a way that allows them to achieve evolving 
business objectives in a dynamic competitive marketplace. 
Our results should encourage researchers to reexamine the 
moderating effects for competition to provide fresh insights 
into when relational resources and dynamic capabilities 
enhance firm performance and when they do not. 


APPENDIX 
Factor Analysis and Rellability Results for Learning Orientatlons 


Customer Learning Orlentation (a = .73)8 


Audience preferences are a key factor in our play selection 
We survey audiences to find out which plays they would like to see In the future. 74 —04  .21 


Factor Loadings 


82 01 —02 03 .13 
05 —.01 


Audience satisfaction is our highest priority in deciding what to produce. 82 —06 —09  .06 .17 


Competitor Learning Orientation (a = .82)^ 


We pay close attention to competitors' fundraising activities. 


—07 90 —15 .05 .11 


We keep a close eye on our competitors’ audience development tactics. —03 .91 —08 16 10 


We keep abreast of industry trends. 


Supplier Learning Orlentatlon (a = .72)b 


.01 61 —26 23 .28 


The directors we select for our mainstage productions are mostly ... 


"new" (1)/'the same” (7). 


—11 -.08: .83 —13  .01 


The designers we select for our mainstage productions are mostly ... 


“new” (1)/the same" (7). 


—10 —.15 .80 .06 —05 


The actors we select for our mainstage productions are mostly ... 


"new" (1)/'the same" (7). 


Innovation Learning Orientation (с = .86)а 


We actively solicit and develop new plays. 03 13 —15  .90 —02 

A key component of our artistic misslon is to develop innovative new works. —15 .08 .04 .87 .03 

We are constantly on the lookout for outstanding new playwrights and plays. .01 19 —14 80 —.09 
Adaptive Learning Orientation (о = .74)а 

We use knowledge gained from past experiences to modify our productlon processes. 00 .01 —04 .01 .91 


In planning а season, we draw heavily upon what we have learned from past experiences. 12 .20 .01  .00 .87 


At the end of each season, we conduct a systematic analysis of what succeeded and falled. 15 .14 


09 —04 .58 


aSeven-point Likert-type scales anchored by "strongly disagree” (1) and “strongly agree” (7). 
bA reviewer noted that the supplier learning onentaton Items appear to be a formative rather than a reflective scale, in which case the validity 
of the scale relles on the notion that the items capture the variance associated with all the key suppliers іп the nonprofit professlonal theater 


context. 
Notes: Loadings greater than .30 appear In bold for visual clarity. 
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Private-Label Use and Store Loyalty 


The authors develop an econometric model of the relationship between a household's private-label (PL) share and 
its behavioral store loyalty. The modei includes major drivers of these two behaviors and controls for simultaneity 
and nonlinearity in the relationship between them. The model is estimated with a unique data set that combines 
complete purchase records of a panel of Dutch households with demographic and psychographic data. The authors 
estimate the model for two retail chains in the Netherlands—the leading service chain with a well-differentiated 
high-share PL and the leading value chain with a lower-share PL. They find that PL share significantly affects all 
three measures of behavioral loyalty in the study: share of wallet, share of items purchased, and share of shopping 
trips. In addition, behavioral loyalty has a significant effect on PL share. For the service chain, the authors find that 
both effects are in the form of an inverted U. For the value chain, the effects are positive and nonlinear, but they 
do not exhibit nonmonotonicity, because PL share has not yet reached high enough levels. The managerial 
implications of this research are important. Retailers can reap the benefits of a virtuous cycle; greater PL share 
increases share of wallet, and greater share of wallet increases PL share. However, this virtuous cycle operates 
only to a point because heavy PL buyers tend to be loyal to price savings and PLs in general, not to the PL of any 
particular chain. 


Keywords: private labels, store brands, store loyalty, share of wallet, simultaneity, nonlinear effects 


rivate labels (PLs) in the consumer packaged goods Conventional wisdom maintains that PL use is associ- 
industry have experienced a worldwide surge in ated with higher store loyalty. For example, Richardson, 
availability and market share in recent years. Private Jain, and Dick (1996, p. 181) state that "store brands help 
labels now account for one of every five items sold every retailers increase store traffic and customer loyalty by offer- 
day in U.S. supermarkets, drug chains, and mass merchan- ing exclusive lines under labels not found in competing 
disers, and the market share in Western Europe is even stores." Likewise, the Private Label Manufacturers Associa- 
larger (Kumar and Steenkamp 2007). Planet Retail (2007, p. tion (2007) Web site states that "retailers use store brands to 


1) recently concluded that “[PLs] are set for accelerated increase business as well as to win the loyalty of their cus- 
growth, with the majority of Ше world's leading grocers tomers.” However, empirical evidence on the subject is 
increasing their own label penetration." mixed. On the one hand, a positive correlation between PL 

The main reasons for retailers' desire to grow their PLs use and store loyalty has been observed in some studies 


are (1) higher retail margins on PL, (2) negotiating leverage (e.g., Ailawadi, Neslin, and Gedenk 2001; Kumar and 
with national brand (NB) manufacturers, and (3) higher Steenkamp 2007, pp. 119-20). Corstjens and Lal's (2000) 
consumer store loyalty. Significant evidence in support of analytical model supports PLs’ ability to build store loyalty, 


the first two reasons now exists in the literature (e.g., and Sudhir and Talukdar (2004) report indirect support for 
Ailawadi and Harlam 2004; Hoch and Banerji 1993; PLs’ store differentiating ability. On the other hand, there is 
Narasimhan and Wilcox 1998; Pauwels and Srinivasan evidence that consumers may not differentiate between dif- 


2004). The focus of this article is on the third reason—the ferent retailers’ PLs; that is, PL users may be loyal to PL 
purported ability of PLs to improve consumers’ loyalty to a products in general, not to the PL of a particular retailer 
particular retailer. (Richardson 1997). If this is the case, it is difficult to under- 
stand how PL use would increase store loyalty. Indeed, 
Singh, Hansen, and Blattberg (2006) show that, among a 
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chain, rather than at its competitors, are more likely to 
attribute this shopping behavior to the chain's quality and 
may be more positively disposed to its PL. Consistent with 
this reasoning, Bonfrer and Chintagunta (2004) find that 
store-loyal consumers are more likely to buy PLs. Implica- 
tions for retailers are different depending on which way the 
causality operates between PL use and store loyalty. 

Second, the relationship may be nonlinear, possibly 
even nonmonotonic. Ailawadi and Harlam (2004) find that 
medium PL users contribute more than light users or 
nonusers of PLs to retailer sales and profits, but heavy PL 
users contribute less than medium users. The ability of PLs 
to increase store loyalty in Corstjens and Lals (2000) 
model is also predicated on a “balance” between consumers 
who prefer PLs and those who prefer NBs. It is critical to 
understand the nature of nonlinearity in the effect of PL use 
on store loyalty, and vice versa, if retailers are to make 
smart decisions about whether and how much to push PL. 

Despite the importance of the story loyalty-PL purchase 
relationship, in general, empirical evidence is limited to 
perceptual measures and bivariate correlational patterns. 
Only a handful of studies examine consumer purchase 
behavior across multiple product categories (e.g., Ailawadi 
and Harlam 2004; Corstjens and Lal 2000; Sudhir and 
Talukdar 2004). Among them, few have actual data on the 
consumer's loyalty to one or more retailers in the market 
(Corstjens and Lal 2000), and even fewer control for other 
drivers of PL share and store loyalty (Sudhir and Talukdar 
2004). Finally, no study models either simultaneity or non- 
linearity. Indeed, Ailawadi and Harlam (2004, p. 163) con- 
clude that research combining demographic and psycho- 
graphic variables with panel purchase data from multiple 
retailers in a market is needed to quantify this relationship 
conclusively. 

Our objective is to fill this gap in the literature. We build 
a simultaneous model of the relationship between a house- 
hold's PL share at a chain and its loyalty to that chain. We 
define PL share as the household's PL spending (in dollars 
or, in our empirical study, in euros) at the chain as a per- 
centage of its total spending (in euros) in that chain on cate- 
gories in which the chain offers a PL. product. We opera- 
tionalize store loyalty as the household's share of wallet 
(SOW) in the chain—that is, its spending in the chain (in 
euros) as a percentage of its total spending on supermarket 
products—but we validate our findings using two alterna- 
tive behavioral loyalty measures: share of items purchased 
and share of shopping trips. 

The model allows for reverse causality and nonlinearity 
in the relationship between PL share and SOW, includes 
key determinants of both constructs, and is econometrically 
identified through several determinants that influence one 
construct but not the other. We use a unique data set with 
complete information on the supermarket purchases of a 
Dutch household panel across all stores, as well as the 
households' demographic and psychographic data obtained 
through a survey. We estimate the simultaneous model for 
the two largest Dutch supermarket chains with clearly dif- 
ferent positioning—one is positioned on high "service" 
with high PL share, and the other is positioned as the fore- 
most “value” chain with lower PL share. 
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Data 


Our empirical setting is Dutch grocery retailers. Our data 
set combines several sources. We use purchase records from 
GfK’s consumer hand-scan panel in the Netherlands for the 
period between January 1, 2001, and January 1, 2004. The 
GfK panel consists of more than 4000 panelists, represent- 
ing a stratified national sample of Dutch consumers. With 
some attrition and new recruitment of panelists each year, 
the data set contains three years of data from a little more 
than 50% of the panelists; the remaining panelists are 
approximately evenly split between one and two years of 
data. Panel members use a home scanner to scan all their 
household purchases from all Dutch grocery retailers, and 
the data are sent electronically to GfK. 

For the purposes of our study, the hand-scan data set 
yields excellent measures of both key variables: SOW can 
be calculated with reference to all purchases by the house- 
hold in all chains, and PL share of the household in each 
chain in which it shops can be calculated with actual pur- 
chases of PLs versus NBs. As we noted previously, few 
studies have had access to SOW data, and PL use has often 
been measured with perceptual data (e.g., Ailawadi, Neslin, 
and Gedenk 2001), prompting Richardson, Jain, and Dick 
(1996) to call for behavioral measures based on panel data. 

The hand-scan data set includes panelist demographic 
information. In addition, GfK periodically administers pan- 
elist surveys that measure psychographic variables. Most of 
the scales used in the survey are adapted from existing lit- 
erature. We use data from the survey administered in 2002. 
Finally, Reed Business provided the location, area, and 
number of checkout counters for all the stores in our data 
set. 

In summary, our data set combines behavioral measures 
of key constructs with survey-based psychographic and 
demographic data from the same households, thus obviating 
concerns about common method bias that plague analyses 
using only survey measures (Baumgartner and Steenkamp 
2006). The combination also provides access to a broad set 
of determinants of panelists’ SOW and PL share in the 
chains in which they shop. The result is a richer analysis 
than either type of data alone would permit. 

We study the relationship between PL share and SOW 
for two leading chains in the Netherlands: Albert Heijn (the 
flagship of Royal Ahold, one of the world’s largest grocery 
retailers) and C1000. Albert Heijn has a market share of 
approximately 27%, and C1000 has a market share of 
approximately 15%. We focus on these two large chains so 
that we have a sufficient sample size to allow for stable 
parameter estimation and to cover the two main types of 
positioning in the retail market—namely, service and value. 
Albert Heijn is the largest chain positioned on “service,” 
and C1000 is the largest chain positioned on “value.” 

Table 1 provides summary information on several 
variables for Albert Heijn and C1000 and highlights the dif- 
ference in their positioning. In general, Albert Heijn stores 
are larger, reflecting their deeper assortments (the median 
number of stockkeeping units [SKUs] per category is 121.4 
versus 100.2 for C1000), and have more counters per unit 
area, but they also have higher prices. In Albert Heijn, PL 


plays a larger role—on average, 22.796 of the SKUs in a 
category are PL versus 16.896 at C1000—and PL averages 
42.1% of total purchases at Albert Heijn versus 28.8% at 
C1000. 


Model 

Our primary interest in this research is to estimate the reci- 
procal and potentially nonlinear relationship between con- 
sumers' PL share and SOW in a given chain. This necessi- 
tates the specification of a simultaneous equation model 
between the two constructs. To identify the model, we 
include several other drivers of PL share and SOW sug- 
gested in the literature. 

It is widely accepted in consumer research that behavior 
is a function of characteristics of the stimulus (i.e., the retail 
store) and the subject (i.e., the shopper) (Assael 1998). Pre- 
vious research has identified four groups of drivers that play 
an important role in consumer shopping behavior in retail 
contexts: product assortment and quality, pricing, store ser- 
vice and atmosphere, and location (e.g., Ailawadi and 
Keller 2004; Steenkamp and Wedel 1991). We use this 
framework of store and consumer characteristics on the one 
hand and the four dimensions on the other hand to classify 
the key determinants of SOW and/or PL share on which we 
have data.! Table 2 summarizes the classification. 

Some determinants affect both SOW and PL share, oth- 
ers affect only SOW, and still others affect only PL share. 
Thus, we can identify our simultaneous system. The rich 
literature on retail shopping behavior suggests direc- 
tional hypotheses for the effects of these determinants. In 
the interest of brevity, however, we do not develop a priori 
hypotheses, choosing instead to link their estimated effects 





Пр addition to these determinants, we include as covariates two 
annual dummies (DUM2002 and DUM2003) to control for any 
time-specific effects or trend during the three-year period covered 
by our analysis and three commonly used demographic variables 
(education, income, and number of children in the household). 





TABLE 1 
Positioning of the Two Retail Chains 
Albert 

Mean Value of Hel|n C1000 
Weighted price index 1.24 .96 
Price rating 5.7 6.2 
Product assortment rating 6.5 6.3 
SOW 28.1% 28.2% 
PL share 42.1% 28.8% 
Distance (km) ‚84 97 
Area (thousands of square 

meters) 1.19 .80 
Counters per hundred square meters .82 71 
Number of categorles 63 62 
Number of categories with PL 46 42 
Average number of items per 

category : 121.4 100.2 
96 of items that are PL 22.7% 16.8% 


to prior literature when we report our empirical results. 
Because our focus is on obtaining valid estimates of the 
reciprocal relationship between PL share and SOW, we pre- 
sent our simultaneous model and highlight its identifying 
restrictions: 


SOW, 
(1) я = о + B,PLShare,, + B; PL Share? 


+ о Area, + а PL Propensity, 

+ at Priceindex,, + ot, Pricecon, 

+ ог Counters, + a Shopenjoy, 

+ o, Distance, + o Educ, + Income, 
+ o9 Numkids, + 0 ,\Dum2002, 

+ од у Dum2003, + є, and 


PL Sh 
art | = y, + B,SOW, + B,S0W2 


2) Log| ————— — 
2 d; — PLShare, 

+ y,Qualcon, + y; Brandloy, 

+ y4PL Propensity, + 'y,Priceindex, 

+ y5Pricecon, + Yg,NBPLdrff, 

+ y ;Shopenjoy, + ygEduc, + 'jIncome; 

+ y,9 Numkids, + y; ,Dum2002, 

+ y,5Dum2003, + €. 
The abbreviations used for the variables in Equations 1 and 
2 are self-explanatory, and complete definitions appear in 
the Appendix. The subscript "it" is for consumer i in year t, 
and the model is estimated for each chain. We make five 
important points regarding the model. First, we include not 


only linear but also quadratic effects of our two key con- 
structs: PL share and SOW. Although other specifications, 





TABLE 2 
Correlates of SOW and PL Share 
Retaller Consumer 
Characteristics Characteristics 

Product Store area Quality consciousness 

assortment Brand loyalty 

and quality Propensity for PL 
Pncing Price indexe Price consciousness 

NB — PL price 
differential@ 

In-store Counters per Shopping enjoyment 

service unit area 
Location Distance 





8These vandbles vary across consumers according to the product 
categones they buy. They are welghted averages of the values for 
the main product departments; the welghts are the individual con- 
sumer's total expenditures In each department, across all chains In 
whlch the consumer shops. 
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such as the logarithmic formulation, capture concavity, the 
quadratic formulation enables us also to capture potential 
nonmonotonicity. 

Second, the SOW equation is identified by three 
variables that do not appear in the PL share equation. The 
distance the consumer travels from home to the closest store 
belonging to the chain (Distance), the area (Area), and the 
number of checkout counters per unit area (Counters) of the 
store are likely to influence the consumer's decision of how 
much to shop at the chain (i.e., SOW), but there is no reason 
for the variables to affect the consumer's decision of 
whether to buy PLs or NBs, given that he or she is shopping 
in the store (i.e., PL share). 

Third, the PL share equation is identified by three 
variables that do not appear in the SOW equation. Whereas 
the overall price level in the chain for products relevant to 
the consumer may affect both SOW and PL share, the price 
differential between NBs and PL, NBPLdiff, should only 
influence the consumer's choice between PL and NBs, not 
the overall decision of how much to shop in the chain. The 
same applies to the disposition of a consumer to be brand 
loyal (Brandloy) and quality conscious (Qualcon). 

Fourth, appropriate identification of the simultaneous 
model is critical for obtaining valid estimates of the PL 
share-SOW relationship, so we paid careful attention to this 
issue. In particular, because our model is nonlinear in the 
endogenous variables, we ensured that it meets Fisher's 
(1965) "sufficient condition" for model identification, and 
we included the squares of the exogenous variables as addi- 
tional instrumental variables in the first stage of our two- 
stage least squares (2SLS) estimation (see Kelejian 1971; 
Wooldridge 2002, pp. 235—37). Furthermore, we conducted 
a test of our overidentifying restrictions (Wooldridge 2002, 
pp. 122-23) and examined the robustness of our results by 
relaxing these exclusion restrictions one at a time, reesti- 
mating the model, and making sure that our key model esti- 
mates did not change significantly. 

Fifth, because both SOW and PL share are bound 
between 0 and 1, it is useful to transform the two dependent 
variables so that model predictions are within the [0, 1] 
range. The results we report are based on the logistic trans- 
formation because it has the advantage of logical consis- 
tency. (The untransformed model results, which are sub- 
stantively similar but tend to be statistically stronger, are 
available on request.) 


Empirical Analysis 


Description of Sample 

Our data set includes all purchases by panelists of 64 differ- 
ent product categories that cover the full range of grocery 
shopping, from fresh and dry grocery to household products 
to health and beauty products. We compute panelists' SOW 
in a chain as their total purchases (in euros) in the chain 
divided by their total purchases across all 20 chains in the 
Netherlands that have at least 1% market share. We com- 
pute panelists' PL share in a chain as their PL purchases in 
the chain (in euros) divided by their total purchases in that 
chain of the categories in which the chain has a PL. This 
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measure reflects the panelist’s choice between NBs and the 
PL, when such a choice exists. Using the panelist’s total 
purchases in the chain would be inappropriate as a base for 
computing PL share. Such calculation could create an artifi- 
cial negative relationship between SOW and PL share 
because consumers who buy a lot from a chain are more 
likely to buy categories in which a PL is not available, and 
therefore their PL share would be small. 

Our unit of analysis is the individual panelist in a given 
year. Although we could have expanded the degrees of free- 
dom in our model by using more disaggregate monthly 
data, we believe that annual data are more appropriate. 
Month-to-month variations in PL purchasing or shopping 
expenditures are not likely to reflect changes in propensity 
to buy PL and to be loyal to a chain, both of which are rela- 
tively stable behaviors. In addition, many of the drivers of 
these two behaviors do not vary from month to month. 
However, to ensure that our results are robust to temporal 
aggregation, we repeated all our analyses by aggregating 
over the entire period for each household and found sub- 
stantively similar results. 

The chain-level empirical analysis we report subse- 
quently is based on annual observations for panelists who 
have at least 2% SOW in the chain and for whom data are 
available on all model variables. This ensures that the 
results for a chain are based on probable shoppers in that 
chain and are not driven by the purchase behavior of a few 
consumers who happen to make the odd visit to a chain they 
would usually not patronize. Of the 1904 panelists in the 
Albert Heijn analysis, 34% have one year of data, 27% have 
two years, and 39% have three years, for a total of 3899 
observations. Of the 1445 panelists in the C1000 analysis, 
38% have one year of data, 28% have two years, and 34% 
have three years, for a total of 2846 observations. 

Because there is fairly little overlap between panelists 
who shop at Albert Heijn and those who shop at C1000— 
approximately 30% of the panelists shop at both chains— 
tbe simultaneous model for the two chains cannot be esti- 
mated jointly. This is not a concern, because joint 
estimation does not affect the consistency of the estimates; 
it only improves efficiency. Still, we control for the fact that 
some panelists shop at both chains whereas others do not by 
including an "overlap" dummy variable in both equations of 
the model, which is 1 for panelists who shop at both chains 
and 0 for those who shop at one chain but not the other. 


Bivarlate Association Between PL Share and 
SOW 


We first provide some model-free insights into the relation- 
ship between PL share and three measures of store loyalty: 
SOW (our focal measure), share of items, and share of trips. 
Table 3 shows the average on all three store loyalty mea- 
sures for different PL share levels in each chain. It reveals 
an inverted U-shaped pattern in both chains. All three mea- 
sures of behavioral loyalty are smallest for households with 
low or high PL share and largest for households with PL 
share between 4096 and 6096. 

There are also important differences to note between the 
two chains. The rate of change in SOW at different levels of 


TABLE 3 
Bivariate Relatlonship Between SOW and PL Share 


Mean Value at Albert Heijn of Mean Value at C1000 of 

Range of PL Share of Share of Share of Share of 
Share N SOW (%) - Items (%) Trips (%) N SOW (9) items (%) Trips (%) 
096—2096 324 14.3 12.1 15.6 751 28.3 28.5 29.6 
20% 40% 1402 35.7 33.1 36.2 1482 40.9 41.8 41.6 
4096—6096 1601 42.6 40.4 432 546 44.1 45.0 45.0 
60%—80% 472 30.8 28.3 31.5 58 20.7 20.8 247 
80%—100% 100 20.9 16.6 19.6 9 19.0 20.0 22.1 
PL share is higher at Albert Heijn than at C1000. Further- TABLE 4 


more, the distribution of PL share is different, covering the 
full range from 096 to 100% in Albert Heijn, with the 
largest proportion of observations at the 40%—60% PL 
share level. In contrast, less than 396 of the observations at 
C1000 have PL share greater than 6096, and most of them 
have PL shares between 2096 and 4096. This is consistent 
with Albert Heijn having a better developed and differenti- 
ated PL program than C1000 and suggests that it may be 
difficult to estimate the effect on SOW at high levels of PL 
share for C1000. These differences also highlight the 
importance of estimating the relationship separately for 
each chain. 

The bivariate association in Table 3 may be inconsistent 
because it does not control for other drivers of SOW and PL 
share, and it gives no insights into the direction of causality. 
The 2SLS estimates of our model, which we examine next, 
address both these issues. 


Model Estimates: Determinants of SOW and PL ` 
Share 


Table 4 displays coefficient estimates of the logistic trans- 
formed SOW and PL share equations for Albert Heijn, and 
Table 5 provides corresponding estimates for C1000. 
Before examining in depth the effects of central interest in 
this research (i.e., the relationship between PL share and 
SOW), we summarize the impact of the other determinants 
of these constructs.2 


SOW equation. Location- and pricing-related drivers 
have expected effects on SOW in both chains. Share of wal- 
let decreases with the distance the consumer must travel to 
the store and with the price index because both represent a 
disutility to the consumer. In addition, price-conscious con- 
sumers have a lower SOW at Albert Heijn, which is the 
higher-priced “service” chain. Store area, our surrogate for 
assortment, has a positive effect in both chains, as would be 
expected. Consumers' general propensity to buy PLs (in 
other chains) has a negative effect on SOW, consistent with 








„=т=т 

2For simplicity of exposition, we refer to effects on SOW and 
PL share throughout the empirical section. However, note that the 
dependent variables in our model are logistic transformations of 
these two variables, so the effects are technically on those logistic 
transformations. 


2SLS Model Estimates for Albert Heljn 


eT 


Coefficient in Equation for 


Logit Transformed 
Variable SOW PL Share 
PL share 17.98** — 
(2.39) 
(PL share)? —23.35"** — 
(-2.85) 
SOW — 5.66*** 
(4 80) 
(SOW)2 — —6.03*** 
(4.83) 
Store area .10* — 
(1.67) 
Quality consclousness — —.06*** 
(-3.21) 
Brand loyalty — —.03* 
(—1.68) 
Propensity for PL —4.62*** 15 
(-11.87) (.68) 
Weighted price index —18.18"*** —10.86*** 
(74.52) (-7.71) 
Weighted МВ – PL — —.13*** 
differential (-7.94) 
Price consclousness —.20*** ‚002 
(—5.75) (.12) 
Counters per unit area 58.52*** — 
(4.09) 
Shopping enjoyment —.05 —.06*** 
(—1.30) (—3.54) 
Distance to store —.16*** — 
(-5.94) 
Education .10"* .01 
(3.91) (.97) 
Income —.02 —.01** 
(71.28) (-2.02) 
Number of children, —17*** —.06*** 
(—4.38) (-3.61) 
2002 dummy .З2*** .00 
(2.99) (.08) 
2003 dummy —.65*** —2.25*** 
(—6.04) (-8.86) 
Overlap dummy —.52*** —.12*** 
(-7 44) (-3.73) 
Adjusted R? .174 .080 
*р<.10. 
“p< .05. 
***p < 01. 


Notes. t-statistics are In parentheses. 
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the view that such consumers consider themselves smart 
shoppers and are more likely to shop in multiple stores for 
the best prices. In-store service, as measured by checkout 
counters per unit area, has a positive effect that is signifi- 
cant for Albert Heijn but not for C1000. It is understandable 
that in-store service would be more relevant for a chain 
positioned on service than for a chain positioned on value. 


PL share equation. The directional effects’ of many of 
the drivers of PL share within a chain are consistent with 
prior literature. Similar to Ailawadi, Neslin, and Gedenk 
(2001), we find that quality-conscious and brand-loyal con- 


TABLE 5 


2SLS Model Estimates for C1000 
———————————————____ 
Coefficient in Equation for 


Logit Transformed 
Varlable SOW PL Share 
PL share —4.59 — 
(-.36) 
(PL share)? 31.11 — 
5 (1.40) 
SOW — 1.77* 
(1.67) 
(SOW)? — —1.51 
(71.37) 
Store area .63*** — 
(2.80) 
Quality consclousness , — —.05*** 
(-3.19) 
Brand loyalty — —.06*** 
(73.13) 
Propensity for PL —5.56*** 167“ 
(-7.57) (7.49) 
Weighted price index —33.72*** 3.75* 
| (74.58) (1.90) 
Weighted NB — PL — —.03*** 
differential (-3.33) 
Price consciousness 01 . .01 
(.10) (.56) 
Counters per unit area 37.60 — 
(.87) 
Shopping enjoyment .05 .01 
(.75) (.47) 
Distance to store —.18** — 
(-5.33) 
Education —.03 .01 
(—.91) (1.38) 
Income .02 —.00 
| (74) (-.35) 
Number of children —.15** .07*** 
(—2.09) (4.81) 
2002 dummy —.21 16“ 
(–.88) (2.07) 
2003 dummy —2.06*** .39*** 
(-5.75) (4.45) 
Overlap dummy —.39*** —.09** 
(-2.68) (-2.47) 
Adjusted’ R2 .0 .117 


Notes t-statistics are in parentheses 
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sumers have lower PL share. We also find that the price dif- 
ferential between NBs and PLs has a negative effect on PL 
share. Although this may appear counterintuitive, it is con- 
sistent with prior research (Hoch and Banerji 1993). One 
explanation is that consumers associate price with quality 
and perceive the PL as being of poorer quality if the differ- 
ential in prices is large (Dhar and Hoch 1997). Raju, Sethu- 
raman, and Dhar (1995) offer another reason. They note 
that in categories in which cross-price sensitivity between 
NBs and PLs is high, even a small price differential 1s 
enough to make consumers switch to PLs. However, retail- 
ers recognize this, and in cross-price sensitive categories, 
they maintain a low price differential and still obtain high 
PL share. Thus, in equilibrium, there are higher PL shares 
in categories with smaller price differentials. 

Consistent with the notion of PL proneness as a con- 
sumer disposition (Richardson, Jain, and Dick 1996), we 
find that propensity to buy PLs (in other chains) is posi- 
tively associated with PL share in the focal chain, though 
the effect is not significant for Albert Heijn. We also find 
that the price index (of the consumer’s shopping require- 
ments) is negatively associated with PL share at Albert 
Heijn but positively associated with PL share at C1000. 
This may be due to the different positioning of the two 
chains and the consumers who choose to shop there. Con- 
sumers whose shopping requirements are more expensive at 
Albert Heijn shop less there (as indicated by the negative 
effect on SOW), but if they do, they are not focused on 
price but rather on NBs. In contrast, shopping motivations 
are more predominantly price based at the value chain 
C1000. Finally, shopping enjoyment is negatively related to 
PL share, at least at Albert Heijn, which is consistent with 
the notion that PLs continue to be bought primarily for 
functional reasons (Kumar and Steenkamp 2007). 


Model Estimates: PL Share-SOW Relationship 


Albert Heijn. As the first few rows of Table 4 show, both 
the main and the quadratic effects of PL share on SOW are 
Significant, and the same is true of the main and quadratic 
effects of SOW on PL share. However, polynomial coeffi- 
cients, as with interactions, should not be interpreted in iso- 
lation, as Cohen and colleagues (2003, pp. 193-207) cau- 
tion. The estimated effect of PL share on SOW and its 
statistical significance varies with the level of PL share, and 
vice versa. To understand fully second-order polynomial 
effects, Cohen and colleagues recommend that researchers 
calculate the first-order partial derivative—called the *sim- 
ple slope”—and its standard error at different values of the 
predictor. Aiken and West (1991) provide the formula for 
computing the standard error and, therefore, the statistical 





significance of the simple slopes: 
PL Share Effect on SOWa t-Statistic 
.10 13.31* 2.25 
.20 8.64* 2.00 
.30 3.97 1.44 
40 —.70 —.51 
.50 —5.37+* 4.27 





SOW Effect on PL Share* t-Statistic 
10 445** 4.77 
.20 3.25** 4.72 
30 2.04** 4.56 
.40 .84** 3.63 
50 —.37** —2.12 
*p < .05. 

**p « 01 


1Effect 15 on logistic transformation 





These calculations indicate an inverted U-shaped effect of 
PL share on SOW. In other words, an increase in PL share 
results in higher SOW, but only up to a certain point. At 
levels of PL share exceeding approximately 40%, its effect 
becomes negative (ie., further increases in PL share 
decrease SOW). Importantly, mean PL share at Albert Heijn 
is 42.1%, which is close to the inversion point. The reverse 
effect is also strong. Furthermore, SOW has an inverted 
U-shaped effect on PL share at Albert Heijn, with inversion 
between 40% and 50% SOW. This inversion point is well 
above Albert Heijn’s current mean SOW of 28.1%. 


C1000. The first few rows of Table 5 show the estimated 
relationship between PL share and SOW for C1000, the 
“value” chain with a less established PL program. Here, the 
main and quadratic effects of PL share on SOW are not sig- 
nificant. However, SOW has a significant effect on PL 
share, but the quadratic term is not significant. As we noted 
previously, these effects do not provide the full picture, 
because the effect and statistical significance of PL share on 
SOW varies across the PL share continuum, and vice versa. 
Again, we calculate the simple slopes for different levels of 
PL share and for different levels of SOW: 








PL Share Effect on SOWs t-Statistic 
.10 1.64 .19 
.20 7.86* 1.73 
.30 14.08*** 4.91 
.40 20.30*** 3.43 
.50 26.52*** 2.64 
.60 32.75** 2.28 
SOW Effect on PL Share? t-Statistic 
.10 1.47* 1.75 
‚20 1.17* 1 87 
30 .86** 241 
.40 .56*** 2.68 
50 .26+* 2.00 
.60 —.04 —.15 
*p < 10. 

**p < .05. 

***p < 01. 

aEffect 1s on logistic transformation 





These calculations provide insight into the complex nonlin- 
ear relationship between PL share and SOW, which is not 
directly evident from the overall coefficients. Higher PL 
share at C1000 leads to significantly higher SOW, but not at 
very low levels of PL share (below 20%), and the effect 
does not exhibit nonmonotonicity. Higher SOW also leads 
to higher PL share, but again, the effect does not exhibit 
significant nonmonotonicity. These monotonic effects are 
confirmed when we estimate a logarithmic formulation for 


C1000 instead of the quadratic. The logarithmic formula- 
tion shows a significant, positive effect of Log(PL share) on 
SOW and a smaller but significant effect of Log(SOW) on 
PL share.? 

Why does the estimated relationship for C1000 not fol- 
low an inverted U? As we noted previously, C1000 has a 
less differentiated and lower-penetration PL program. As a 
result, there are few consumers wbo have high PL share at 
this chain. In our sample, only 67, or 2.4%, of the observa- 
tions for C1000 have a PL share of more than 6096, whereas 
the corresponding number for Albert Heijn is 572, or 
14.6%, of the observations. From a statistical point of view, 
there are simply too few observations to reliably uncover 
the downward portion of the inverted U for C1000. This 
imprecision is also evident insofar as despite the higher 
magnitude of the PL share effect at high levels of PL share, 
the associated t-statistic is smaller because the standard 
error of the estimated effect increases substantially. 


Validation Analyses Using Alternative Measures 
of Store Loyalty 


Arguably, SOW is the most widely used store loyalty mea- 
sure by marketing practitioners. For analytical purposes, 
though, it suffers from the limitation that it is intrinsically 
linked to PL share because PLs are typically sold at lower 
prices than NBs. Thus, if there were no changes in the shop- 
ping behavior of consumers other than that they switch 
some of their purchases in a chain from NBs to PL, we 
should observe a negative relationship between SOW and 
PL share. To ensure that our results are not driven by this 
intrinsic definitional effect, we validate the effect of PL 
share with two other panel-based measures of store loyalty: 
share of total items purchased and share of shopping trips. 
In addition, we consider an alternative measure of SOW 
based only on categories that do not appear in the computa- 
tion of PL share (because there is no PL or distinction 
between PL and NB): fresh produce, meat, alcohol, and 
flowers. 

We reestimated our 2SLS model for all three alternative 
measures of store loyalty. Our results, which are available 
on request, are robust and replicated across all three alterna- 
tive measures of behavioral loyalty. Thus, our substantive 
findings on the reciprocal relationship between PL share 
and store loyalty are supported across multiple measures of 
store loyalty. They are not because SOW includes price 
information or because its numerator shares a common ele- 
ment with the denominator of PL share. 


Heavy and Light PL Users and the Inverted И 


То understand better the behavior of PL purchasers in the 
two chains, we conducted an exploratory analysis of the 
characteristics associated with consumers exhibiting low 





3In contrast, the logarithmic formulation does not perform well 
for Albert Heijn, for which the effect is nonmonotonic and there- 
fore is better captured by the quadratic formulation. Complete 
results based on the logarithmic formulation are available on 
request. 
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(<20%), medium (20%–60%), and high (>60%) PL share in 
a particular chain. Table 6 provides means of several char- 
acteristics for these three groups of shoppers at Albert 
Heijn, for which we found an inverted U-shaped effect of 
PL share on SOW, and at C1000, for which we did not find 
evidence for such nonmonotonicity. It also flags character- 
istics whose means are significantly different for the low 
versus medium and the high versus medium group. 

Comparing the low and medium PL share groups is 
insightful. In both chains, low PL share is associated with 
lower grocery spending. These consumers seem to be *NB 
cherry pickers,” with significantly higher brand loyalty and 
quality consciousness. However, there is a notable differ- 
ence between the light PL buyers at the two chains. At 
Albert Heijn, this group shops at hard discounters for really 
inexpensive PLs in certain categories and at various other 
chains to buy NBs wherever they are cheapest. At C1000, 
however, this segment is less inclined to purchase PLs in 
general. 

A comparison of medium and heavy PL segments 
shows that in both chains, the heavy PL segment has the 
lowest grocery expenditure of all three segments. This 
underscores the notion that high PL buyers may not be the 
most worthwhile segment to target, at least from a revenue 
point of view. In both chains, the heavy PL segment is asso- 
ciated with greater PL share at other chains, consistent with 
the notion that heavy PL shoppers are more focused on sav- 
ings (Ailawadi, Neslin, and Gedenk 2001). Heavy PL buy- 
ers appear to be less likely to differentiate between PLs of 
different chains and more likely to focus on saving money. 
The savings profile is particularly pronounced for C1000. 
Its heavy PL buyers also have a higher SOW at hard dis- 
counters that sell almost exclusively PL products at low 
prices (Kumar and Steenkamp 2007). In general, therefore, 
the pattern of results across the three PL groups is similar 
for the two chains. 


Discussion 


Although PLs are at the center of much of the action in the 
packaged goods industry around the world, and notwith- 
standing the increasing push that retailers are giving to their 
PL offering, little is known about the interrelationship 
between consumers' PL purchase behavior and their loyalty 
to a retailer. To address this void, we specified a model of 
SOW and PL share that accounts for simultaneity and non- 
linearity and includes other key determinants of the two 
constructs, and we estimated it for two leading chains with 
different market positions. We combined data on all pur- 
chases of a national sample of Dutch households across a 
broad spectrum of grocery products with rich psycho- 
graphic variables to conduct our analysis. 

We find that PL share significantly affects SOW and 
that SOW significantly affects PL share for both chains. 
These effects are strong but nonmonotonic for the service 
chain whose PL is well differentiated and has high penetra- 
tion. We find that SOW initially increases strongly with PL 
share, but beyond PL share of approximately 40%, it begins 
to decrease. Similarly, PL share also increases strongly with 
SOW but only to a certain point, beyond which PL share 
begins to decrease. For the value chain with a less differen- 
tiated PL program, PL share has a positive effect on SOW 
but not at low levels of PL share. The reverse effect of SOW 
on PL share is positive but small. Furthermore, PL share at 
this chain has not yet reached high enough levels to exhibit 
nonmonotonic effects. 

The inverted U-shaped effect of PL share on SOW can 
be explained by the notion that consumers who buy PL 
from a chain are likely to build some chain loyalty, those 
who buy no PL at all have no such loyalty, and those who 
buy a lot of PL are drawn more to savings than to a particu- 
lar PL and therefore shop for the best prices in several 
chains. This is supported by the finding that not only SOW 


TABLE 6 
Exploratory Analysls of Light'and Heavy PL Users 


Characterlstic 


Albert Heijn 
Number of observations 
Yearly spending (euros) 
PL share at other chains (excluding hard discounters) 
SOW at hard discounters (Aldi and Lidl) 
Quality consclousness 


Brand loyalty 


C1000 
Number of observations 
Yearly spending (euros) 
PL share at other chains (excluding hard discounters) 
SOW at hard discounters (Aldi and Lidl) 
Quality consciousness 
Brand loyalty 


Mean Value When PL Share Is 


Low Medium High (More 
(Less Than 20%) (20% to 60%) Than 60%) 
324 3003 572 
1540** 1774 1401** 
.16 .17 .20** 
.15** .08 .09 
.08 .10 —.00** 
.10 .05 —.07* 
751 2028 67 
1563** 1722 1342** 
.18** 23 .26* 
.18 .12 .19** 
.06* —.05 —.06 
.16** —.10 —.05 


*Mean 18 significantly different from mean п medium PL share group at p « .05. 
“Mean ls significantly different from mean in medium PL share group at p « .01. 
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but also share of trips and share of items are low among 
heavy PL users (Table 3) and by the finding that they have 
higher PL share in other chains than medium PL users 
(Table 6). It is also consistent with exploratory patterns that 
Ailawadi and Harlam (2004) report, with Singh, Hansen, 
and Blattberg's (2005) finding that heavy PL buyers are 
more likely to defect to Wal-Mart, and with Szymanowski 
and Gijsbrechts (2007) argument that consumers transfer 
attitudes about one chain's PL to the PLs of other chains. 

The inverted U-shaped effect of SOW on PL share can 
be explained by the previously established finding that 
consumers' willingness to purchase PL products varies sub- 
stantially across product categories (Sethuraman 1992; 
Steenkamp and Dekimpe 1997). The process of spending a 
large portion of their time and money in the chain increases 
consumers' exposure, familiarity, and willingness to buy the 
chain's PL. However, loyal consumers, who patronize one 
chain for most or all of their purchases, are more likely to 
buy not only the categories in which PL is acceptable to 
them but also the categories in which PL is not acceptable 
to them in that chain. Their SOW in the chain is high, but 
because these consumers are not willing to purchase PL in 
certain categories, they reach a ceiling on their PL pur- 
chases. Because the denominator (total expenditure) contin- 
ues to increase but the numerator (expenditure on PL prod- 
ucts) does not, PL sbare must decrease. 

As discussed previously, we did not find a nonmonoto- 
nic effect for C1000, because there are few heavy PL shop- 
pers at C1000, so the range of data is not enough to reveal 
the downward portion of the inverted U. Why are there so 
few heavy PL shoppers at C1000? It is not because they 
dislike PLs per se, because this group has high PL share at 
other chains (26%) and high SOW at hard discounters 
(1996) that only sell PL. Rather, C1000's PL is not suffi- 
ciently sophisticated and differentiated to attract large 
groups of customers. Our analysis of Albert Heijn may rep- 
resent the likely future scenario for C1000, which is cur- 
rently trying to ramp up its PL program. The patterns in 
Table 3 and Table 6 suggest that the chain's push for higher 
PL share will ultimately hit negative returns. 


Implications for Managers 


Retailers are making a concerted effort to grow their PL 
(Kumar and Steenkamp 2007), but the inverted U-shaped 
relationship between PL share and SOW shows that even 
for a high-quality PL program, it can be overdone. This has 
been the experience of the United Kingdom’s J. Sainsbury 
chain, which has a positioning similar to Albert Heijn and 
a PL share that exceeded 60%. It needed to scale back its 
emphasis on PL because SOW began to decline as con- 
sumers believed that the dominant presence of the Sains- 
bury PL constrained their choice. In the United States, Sears 
and A&P are examples of retailers that pushed PL too far in 
the past; found that store traffic, revenue, and profitability 
suffered; and needed to retract. 

Thus, sophisticated retailers that have a high-quality, 
well-differentiated PL face a conundrum. Although there 
may be a rationale for further growing PL, especially from a 
margin perspective, retailers need to be wary of how far 
they can push PL at the expense of NBs. What can they do 


to grow PL while avoiding the downside? One strategy is to 
focus on light PL users who currently buy basic, no-frills 
PL from hard discounters. To attract these shoppers, retail- 
ers might develop/expand their budget PL. Subsequently, 
they could be migrated to the more differentiated, relatively 
premium PL, with its loyalty-creating benefit. However, this 
strategy will have limited effect because the light PL group 
is typically small for sophisticated chains; it is only 8% at 
Albert Heijn. There is also the possibility that buyers of the 
standard PL will migrate downward rather than the other 
way around. 

Two other strategies focus on medium-high PL buyers. 
Sophisticated retailers can develop specialty PLs to increase 
the perception of choice. For example, the United King- 
dom’s Tesco carries seven Tesco subbrands focused on 
distinct-need segments (e.g., Tesco Fair Trade). These 
retailers can also try to imbue their PLs with emotion and 
imagery to encourage use in categories in which consumers 
are currently reluctant to buy PL. In the United States, Tar- 
get has been successful in imbuing its store brand with 
imagery. If retailers can pull this off, they will be able to 
combine the high intensity of PL buying with high SOW. 

Chains without a well-differentiated PL program face a 
different challenge—namely, convincing shoppers to 
increase their PL buying intensity. Their PL share threshold 
for achieving loyalty benefits is higher than that for their 
well-differentiated competitors, so they need to increase PL 
share more among their light PL users and nonusers. 
Although their current PL share levels are too low to exhibit 
negative loyalty returns, our analysis suggests that they are 
likely to face negative returns, similar to their competitors, 
if their PL share becomes high enough. Their ability to 
build a virtuous cycle is also limited by the small reverse 
effect of SOW on PL. 

The challenge for value retailers, such as C1000, is to 
develop a strong PL assortment. The first step is to improve 
actual quality through better sourcing and innovation, but it 
is equally important to convince consumers of the quality of 
the PL. Value chains often suffer from an unfavorable gap 
between actual and perceived PL quality. For example, 
whereas C1000’s PL regularly performs well in product 
tests, its perceived quality and credibility are still signifi- 
cantly below Albert Heijn’s PL (Steenkamp and Dekimpe 
1997).4 An effective way to turn quality perceptions around 
is to induce shoppers to try the product. Publix Super Mar- 
kets in the United States adopted an innovative approach to 
do just that. For five weeks, the retailer designated three NB 
products and its corresponding Publix brand items for the 
promotion. Consumers who purchased the NB received the 
Publix product free (Supermarket News 2007). In summary, 
building a compelling PL program through real and per- 
ceived quality improvements is essential for such chains. 


4This was confirmed in a recent GfK Benelux survey of Dutch 
consumers. In this survey, the C1000 PL rated only slightly above 
Albert Heijn's budget PL, called Euroshopper, on perceived qual- 
ity and below Euroshopper on credibility (Jan Havermans, market- 
ing manager GfK Benelux, private communication, November 12, 
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Directions for Further Research 


Although this research answers some important questions in 
what we believe is a convincing way, it also highlights 
several avenues for further research. Our analysis focuses 
on two leading chains from one country. It validates the 
exploratory analysis of two U.S. chains by Ailawadi and 
Harlam (2004) and is consistent with Singh, Hansen, and 
Blattberg's (2006) finding that heavy PL users are more 
likely to defect when Wal-Mart enters the area. However, 
further research should examine whether our findings gen- 
eralize to other countries and formats. 

Further research could also expand the assortment, qual- 
ity, pricing, and service determinants of SOW and PL share 
to improve the overall explanatory power of the model. 
Variables such as average number of brands and SKUs per 
category and percentage of categories and SKUs that are PL 
explain variation in SOW and PL share across chains. 
Because we estimated our model separately for each chain, 
these variables, which exhibit little variation within a chain, 
were not relevant. However, they are likely to be important 
in a cross-chain model. 

Private-label products in some categories may be more 
effective in engendering SOW than PLs in other categories. 


For example, increased PL share in hedonic and high- 
perceived-risk categories, such as desserts and beauty prod- 
ucts, may be more effective than higher PL share in dry gro- 
ceries or household paper products. Similarly, there may be 
consumer heterogeneity in the relationship between PL 
share and SOW. Modeling these differences across cate- 
gories and consumers would complicate the model, but this 
is a fruitful area for further research. 

Although our results show the limits of PL in generating 
chain loyalty, this does not mean that retailers will or should 
stop pushing their PLs. Indeed, further research is needed to 
examine the trade-offs retailers face in their PL objectives: 
higher product margins on PL, higher leverage in NB manu- 
facturer negotiations, and higher consumer store loyalty. 
Demonstrating the existence of such trade-offs is an impor- 
tant contribution of this article. 

In conclusion, increasing loyalty is an important goal 
for retailers in today's competitive markets, and PL pro- 
grams have long been regarded as a promising means of 
doing so. This research reveals limits to this approach. 
Indeed, PLs are no silver bullet; they are but one weapon in 
the retailer's arsenal of positioning strategies. 


APPENDIX 
Variable Definitions 
eee 
Varlable Definition Varlable Definition 
SOW Percentage of total expenditures (In Welghted NB — Average price per equivalent unit of 
euros) across 64 categorles and 20 PL pnce NBs less average price per equivalent 
retail chalns that a household spends differential unit of PL as a percentage of average 
at the glven chaln. NB price. The price differential is 
computed within each of five 
PL share PL purchases (In euros) of the panelist departments. The weighted price 
in the chain divided by total purchases differential for each panelist is the 
of the panellst in the chain In welghted average across departments, 
categories in which the chain has a PL with weights being the panelist's total 
product. Fresh produce and meats are annual purchases In that department, 
not inciuded in this computation, across chains. 
because there is no distinction 
between NBs and PLs in these Store distance Euclidean distance between the center 
products of the panelist's home 21р code and 
the nearest store of the chain. 
Weighted price Average price in the chain of a market 


index basket containing average purchase 
amounts of each product category 
relative to the average across chains. 
The price index Is computed within 
each of flve departments: fresh 
produce and meats, dry grocery, fresh 
grocery, general household 
merchandise, and health and beauty 
products. The weighted price Index for 
each panelist Is the welghted average 
across the five departments, with 
weights being the panelist’s total 
annual purchases in that department, 
across chains. 
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Area of the chaln's store nearest to 
the panelist's home zip code п 
thousands of square meters. 


Store area 


Counters per unit Number of checkout counters per 


area square meter in the chain's store 
nearest to the panelist's home zlp 
code. 
General PL PL purchases (in euros) of the panelist 


In other chains dlvided by total 
purchases of the panellst in those 
chalns. 


propensity 
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Continued 
Varlable Definition Variable Definition 
Price Three-item scale: “For me, price Is Brand loyalty Four-item scale: “Once | choose a 
consciousness8 decisive when | am buying a product"; (Cronbach's brand, 1 don't like to switch"; "I prefer 
(Cronbach's *Price 15 important to me when | а = .79) the brand 1 always buy instead of 
a = .79) choose а product"; and 4 generally trying another one that | am not sure 
strive to buy products at the lowest about”; “| see myself as a brand loyal 
price.” person”; and “If my preferred brand is 
not available in the supermarket, | can 
Quality Three-item scale: “I always strive for easily choose another brand" (reverse 
consciousness& the best quality”; "Quality is decisive coded) 
(Cronbach's for me while buying a product"; and 
a = .69) “Sometimes, | save money on Shopping Three-Item scale: “I really like to 
groceries by buying products of lower enjoyment browse in stores”; “I really do not like 
quality.” (reverse coded) (Cronbach's grocery shopping” (reverse coded); 
a= .71) and "1 really enjoy doing grocery 


shopping In the supermarket.” 





&aLikert scale ranges from 1 ("strongly disagree") to 5 (“strongly agree"). 
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amounts of customer-opinion data—to deliver insights that lead to better 


business decisions. Learn more today from our complimentary whitepaper 
“The Power of Influence” at biz360.convoi. 


Biz 


S. Adam Brasel & James Gips 


Breaking Through Fast-Forwarding: 
Brand Information and Visual 
Attention 


This research explores how fast-forwarding through commercials alters the visual attention of viewers and how 
marketers can tailor advertisements to retain effectiveness as digital video recorder usage rises. Building on prior 
work in visual marketing and perceptual psychology, the authors conduct two eye-tracker studies that show how 
fast-forwarding viewers pay more attention during commercials, but their attention is heavily limited to the center of 
tho screen. Fast-forwarded advertisements containing brand information at screen center still create brand memory 
even with a 9596 reduction in frames and complete loss of audio, whereas advertisements with brand information 
located elsewhere are of virtually no value. A third study shows that fast-fonwarded commercials containing 
extensive central brand information can positively affect brand attitude, behavioral intent, and even actual choice 
behavior. These findings show that marketers can counteract the negative effects of digital video recorders by 
ensuring that their advertisements are heavily branded and that the branding is centrally located. 


Keywords: fast-forwarding, visual attention, eye tracking, television advertising, digital video recorder 


I discovered in 2003 that the heads of NBC's news divi- back their televised advertising in response to the rise in 
sion and entertamment division, the president of the net- DVR usage, and 70% responded that DVRs would “reduce 
work, and the chairman all owned TiVos, which enabled or destroy” the usefulness of traditional 30-second 


them to zap past the commercials that paid their salaries. 


“It’s such a great gadget. It changed my life,” one of them commercials. А ; : 
gaid at а COUR ae in the Saturday Night Live stu- Although DVR companies have experimented with 
dio. It was neither the first nor the last time that a televi- superimposing branded banners over fast-forwarded adver- 
sion executive mistook a fundamental technological tisements (Shim 2005), placing extra advertisements at the 
change for a new gadget. end of recorded shows (Gonsalves 2006), or adding “tele- 
—John Hockenberry (2008, p. 65) scoping advertisements" (Reading et al. 2006), these meth- 
apid advancements in technology have given con- ods have unknown effectiveness. Some companies advocate 
Re: increasing interactive control over tradition- solutions such as disabling the fast-forward button during 
ally passive media. For example, consumers now commercials (Stross 2006), but such drastic measures 
use digital video recorders (DVRs) to time-shift shows and would meet strong consumer resistance. Rather than 
skip through commercial breaks. Digital video recorders attempting to eliminate fast-forwarding, a more productive 
have raised concerns about the removal of ad content from strategy for marketers may be to make their television com- 
an ad-supported medium (Poltrack 2006), and marketers are mercials as effective as possible when consumers view 
growing increasingly vocal as DVRs move toward main- them in a fast-forwarded mode. Research devoted to this 
stream market penetration. Nielsen Media Research esti- idea remains sparse, however, and the current literature can 


mates that 20% of U.S. homes had DVRs as of mid-2007 Suggest little about how fast-forwarded advertisements are 
and predicts that this number will rise to greater than 40% processed. 


by the close of the decade. Recent research finds that essen- _ As the nascent visual marketing literature (Wedel and 
tially all DVR users fast-forward through advertising (Goet- Pieters 2007) calls for further research on visual search in 
zel 2006), and marketers are no longer willing to ignore this television advertising and how consumers actually experi- 


shift in television-viewing habits. A survey of large national ence advertising (Lull 1998; Vakratsas and Ambler 1999), 


advertisers (Bernoff 2004) revealed that 75% planned to cut two key questions drive our exploration. First, how does 
fast-forwarding through commercials change a viewer’s 


visual search pattern and perception? Second, given a better 
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ence, Information Systems Department (e-mail: gips@bc.edu), Carroll effectiveness of fast-forwarded advertisements? This ques- 
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, Connie Kim, Rosemary Lee, Christopher Merritt-Lish, Frank Monte- Я : a 
ay and Gregory None ar thelr е with data encoding and ing expenditures (Advertising Age 2006). Although some 


transformation. prior work has suggested that fast-forwarded advertise- 
ments can retain a measure of benefit for less complex out- 
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comes, such as brand memory (Friedman 2006; Greene 
1988), explanations of what differentiates more effective 
from less effective fast-forwarded advertisements remain 
scarce, and little work explores differences between various 
measures of ad effectiveness, from brand memory to brand 
attitude and choice behavior. The research we report herein 
explores marketer-controllable ways to maximize tradi- 
tional television advertising effectiveness in the face of the 
fast-forwarding threat presented by rapidly increasing DVR 
adoption. 

To provide a foundation for our studies, we draw on 
visual marketing and perceptual psychology research to 
build predictions as to how fast-forwarding may change the 
visual search pattern and how brands can maximize the 
effectiveness of their advertisements when fast-forwarded. 
In Study 1, we use eye-tracker technology to compare 
active and passive fast-forwarding viewers with regular- 
speed viewers and explore how fast-forwarding changes 
viewers' visual search patterns. Study 2 separates the effects 
of top-down diagnostic and bottom-up central attention cap- 
ture to determine which screen locations maximize atten- 
tion. Study 3 explores whether effects on brand memory 
can translate into more complex advertising outcomes, such 
as brand attitude, behavioral intent, and actual behavior. 
Our findings offer key implications both for visual market- 
ing theory and for marketing practitioners and represent 
some of the first explorations of the effects of the changing 
video media environment on visual search patterns within a 
marketing context. 


Maximizing Fast-Forwarded Ad 
Effectiveness 


As video cassette recorders gained market penetration in the 
1980s, studies explored the effects of "zipping" through 
commercial pods.! Early commercial fast-forwarding esti- 
mates ranged from 6096 to 9196 (Cronin and Menelly 1992; 
Yorke and Kitchen 1985), and people zipped through entire 
commercial pods rather than selecting individual commer- 
cials to avoid. Fast-forwarding appeared to have a strongly 
negative effect on brand memory for unfamiliar advertise- 
ments (Martin, Nguyen, and Wi 2002; Stout and Burda 
1989). Although further empirical research has shown that 
advertisements previously seen at normal speeds retain 
some effectiveness when fast-forwarded (Gilmore and 
Secunda 1993; Goode and Dobinson 2006), the increasing 
rate of DVR adoption suggests that many viewers have no 
prior normal-speed exposure to many advertisements, 
because more than 8096 of DVR users skip “most or all" 
commercial exposures (ABI Research 2007). 

Most work on the effects of fast-forwarding focuses on 
how fast-forwarding changes the media environment by 
reducing the length of commercial exposure and eliminat- 
ing audio, which in turn limits attention to and elaboration 
on ad content (Unnava and Sirdeshmukh 1994). Prior 





1А "commercial pod" refers to a group of commercials and non- 
program materials; a "commercial break" refers to the "hole" in 
the program into which the commercial pod is placed. The two 
terms are similar but not interchangeable. 


32 / Journal of Marketing, November 2008 


advertising literature has suggested that marketers can 
ensure that viewers remain attentive by varying the length 
and timing of commercial pods because this disrupts the 
"rhythm" of the advertisements (Danaher 1995). However, 
objective measures, such as ad length or ordinal position 
within the show, have exhibited no conclusive effects on 
traditional outcome measures during fast-forwarding 
(Baumgartner, Sujan, and Padgett 1997; Singh and Cole 
1993). 

Prior work has also posited a brand dominance concept, 
arguing that commercials with greater brand name and logo 
(hereinafter, "brand information") presence better retain 
their effectiveness when fast-forwarded. Mere exposure 
effects (Baker 2003; Zajonc 1968) and low-involvement 
learning models (Smith and Swinyard 1983) support the 
idea that brand exposure, however brief, can lead to 
increased positive affect for future brand interactions. How- 
ever, the proposition that heavily branded advertisements 
enjoy increased recall or recognition when fast-forwarded 
has received limited support in the literature (Lee and 
Lumpkin 1992; Metzger 1986). Although recent work on 
Internet advertising suggests that increased brand duration 
leads to greater brand memory (Danaher and Mullarkey 
2003), evidence that strongly branded television advertise- 
ments enjoy increased retention in fast-forwarding condi- 
tions is not yet conclusive (Stout and Burda 1989). 


Fast-Forwarding and the Visual Search Pattern 


Little research has explored how the changing media land- 
scape affects consumers' perceptual processes. Yet by 
drastically changing the visual stimuli presented, fast- 
forwarding should alter a viewer's visual attention patterns. 
Early advertising research shows that the percentage of time 
spent looking at the screen affects brand memory (Thorson, 
Friestad, and Zhoa 1987), and further studies suggest that 
screen attention is halved during commercial pods (Krug- 
man, Cameron, and White 1995). Because the literature has 
called for further explorations of how the difference 
between advertising and show content can lead to changes 
in perception (Lull 1988) and given that visual attention is a 
key driver of advertising effectiveness, a better understand- 
ing of these changes can illustrate how to make fast- 
forwarded advertisements more effective. 

Visual cognition research implies that fast-forwarding 
may put viewers into a more active and goal-driven visual 
processing state (i.e., Janiszewski 1998). Goal-driven states 
often result in increased attention because the person must 
actively search for goal-diagnostic stimuli (Desimone and 
Duncan 1995; Yantis and Johnson 1990). Unlike normal 
viewers, who frequently “tune out,” change channels, or 
leave the room during commercials (Yorke and Kitchen 
1985), actively fast-forwarding viewers must remain atten- 
tive for the signal that informs them that they have reached 
the end of the commercial pod (Greene 1998). Advertising 
research implies that the viewer's increased attention neces- 
sary to know when to stop fast-forwarding (Martin, 
Nguyen, and Wi 2002), or the greater mental activity engen- 
dered by the rapid scene changes (Smith and Gevins 2004), 
may mitigate the negative effects of fast-forwarding, but 
these claims have not been subject to empirical investiga- 


tion. If fast-forwarding causes a shift from passive to active 
visual processing, viewers who actively fast-forward should 
exhibit greater attention than viewers who see the pod at 
normal speed or have no control over speed. 


H,: Viewers who actively fast-forward exhibit higher attention 
during commercials than those who view commercials at 
normal speeds or those who have the commercials auto- 
matically fast-forwarded. 


Viewers also should reveal different visual search pat- 
terns between normal and fast-forwarded content. Tradi- 
tionally, the visual search system is drawn to motion (Folk, 
Remington, and Wright 1994; Franconeri and Simons 
2003), but by removing narrative consistency and dropping 
the majority of frames from playback, fast-forwarding elim- 
inates most motion cues as the scene rapidly shifts during 
the accelerated presentation. In essence, the entire screen 
becomes a constant motion cue because fast-forwarding 
also eliminates motion-path-initiation cues that are highly 
effective at capturing visual attention (Abrams and Christ 
2003; Hillstrom and Yantis 1994). Therefore, people watch- 
ing fast-forwarded advertisements should exhibit less 
motion in their visual search pattern than those watching 
the commercial pod at regular speed. 

In addition to the lack of perceived motion, the rapid 
delivery of fast-forwarded frames in DVR playback should 
reduce consumers' incentive to move their focal visual 
attention. The eye moves in small, saccadic jumps (Cassin 
and Rubin 2006), each of which takes from 20 to 200 mil- 
liseconds to initiate and execute. When the time to execute a 
saccade is added to visual signal detection latency (50-200 
milliseconds) and the 200—300 milliseconds necessary to 
process the newly viewed area, 5.4 to 14 seconds of the 
original show will have passed (assuming a common 20x 
fast-forwarding speed). This likely renders the initial move- 
ment pointless because the original source that triggered the 
movement will no longer be on the screen at the intended 
location. To compound this effect, there is a refractory 
period of approximately 150 milliseconds before the visual 
system can make another saccadic movement. Therefore, 
stimulus tracking becomes exceedingly difficult for fast- 
forwarding viewers. In such a visual environment, it makes 
little sense to chase fleeting visual stimuli; people should 
inhibit their visual motion and reduce the distance covered 
by the visual search process. 


Но: Viewers who observe fast-forwarded commercials exhibit 
reduced visual search motion and a smaller overall visual 
search field than viewers who observe commercials at 
regular speed. 


There should also be differences between someone who 
actively fast-forwards and someone who passively views 
fast-forwarded content. Previous work in psychology and 
visual marketing has suggested that the more active process 
of fast-forwarding leads to more focused attention (White, 
Rayner, and Liversedge 2005), but these findings have not 
been tested in media consumption or marketing contexts. A 
person's state of vigilance influences the size of the useful 
visual field (Roge, Kielbasa, and Muzet 2002), and prior 
work in visual processing has shown that an increased cog- 
nitive load tends to shrink the active visual field (Rantanen 


2003). In addition, research in scene-target congruency has 
suggested that viewers hyperattenuate toward potential sig- 
nal areas and limit their attention to signal-inconsistent 
areas (Neider and Zelinsky 2006). Therefore, viewers who 
actively fast-forward should have smaller visual search pat- 
terns and attend to smaller areas of the screen than someone 
who views commercials fast-forwarded by someone else. 


Нз: Viewers who actively fast-forward through commercials 

constrain their visual attention to a smaller area of the 

.Screen than those who passively view fast-forwarded 
commercials. 


Visual Search and Advertising Effectiveness 


The predictions regarding the effects of fast-forwarding on 
visual search provide a potential explanation of the limited 
support for brand information driving fast-forwarded brand 
memory. If fast-forwarding viewers pay more attention but 
focus on a small portion of the screen, measuring the over- 
all amount of brand information in a commercial may be 
misleading. Much of the branding could fall outside view- 
ers’ visual attention, and advertising effectiveness may 
occur only when consumers directly attend to the brand 
information (Wedel and Pieters 2000). Although this should 
apply at both fast-forwarded and normal viewing speeds 
(Krugman et al. 1994), the effect may be stronger for fast- 
forwarding viewers as a result of their more tightly focused 
visual search patterns. In addition, prior work has shown 
that increased attention dampens peripheral vision (Pestilli 
and Carrasco 2005; White, Rayner, and Liversedge 2005), 
and thus brand information directly within a viewer’s 
visual attention when fast-forwarding may gain elevated 
importance. 


На: (a) The amount of brand information visually attended 
to predicts advertising effectiveness, and (b) the predic- 
tive power is strongest among viewers who actively 
fast-forward. 


We predict that fast-forwarding participants will attenu- 
ate their vision to a smaller screen area and that only brand 
information in that area will drive brand memory. Can we 
also predict the most effective screen locations for brand 
information placement? Many networks provide a visual 
signal that the commercial break is ending, known as a 
“commercial bumper.” Most bumpers place a large network 
or program logo in a relatively central screen position for 2- 
8 seconds. If people constrain their vision to areas in which 
they expect a diagnostic signal (Neider and Zelinsky 2006), 
brand information located in the same area should enjoy 
increased visual attention. Preliminary work also finds early 
evidence for an overall visual bias toward the center of the 
screen (Tosi, Mecacci, and Pasquali 1997), and human— 
computer interaction work on movie perception suggests 
that the central area of the screen encompasses the majority 
of visual attention (Goldstein, Woods, and Pelli 2007) for 
involved viewers. This central bias, combined with the 
elimination of motion cues, suggests that the central area of 
the screen should attract even more attention from viewers 
fast-forwarding through commercial pods. In addition, the 
potential attention-capturing power of the bumper logo as a 
diagnostic cue suggests that a central bumper area provides 
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the key location in which to place brand information to 
maximize ad effectiveness. 


Hs: The amount of brand information placed їп a central diag- 
nostic area of the screen drives ad effectiveness for fast- 
forwarding viewers. 

Hg: Among fast-forwarding viewers, brand information placed 
in a central diagnostic area of the screen better predicts ad 
effectiveness than brand information outside the center of 
the screen or brand information overall 


Study 1: Fast-Forwarding and the 
Visual Pattern 


To test the hypotheses, we conducted an eye-tracker study 
in which participants viewed a custom-edited 24-minute 
television show with commercials under three different 
viewing conditions. We used two separate fast-forwarding 
conditions because most current studies of advertising 
effectiveness treat fast-forwarding as an “on-or-off” condi- 
tion; we also wanted to explore differences between viewers 
who actively control and those who merely watch fast- 
forwarded content. This is an important distinction because 
television frequently is viewed in social contexts in which 
only one viewer has control of the remote. Therefore, the 
experimental design attempted to separate the motivational 
effects of actively fast-forwarding, such as increased atten- 
tion and goal-driven visual search, from the environmental 
effects of viewing fast-forwarded material, such as reduced 
exposure time and loss of audio. An eye-tracker-based 
methodology offers several unique advantages in this con- 
text. Previous work has used eye trackers to explore print 
and Web advertisements (e.g., Jones, Stanaland, and Gelb 
1998; Lohse 1997; Rayner et al. 2001; Wedel and Pieters 
2000), but gazepoint measures of visual attention to 
dynamic media, such as television commercials, remain 
rare. The eye-tracker system enables us to explore moment- 
by-moment differences in the visual attention (Rayner 
1998), which are of critical importance when exploring 
television advertising (Elpers, Wedel, and Pieters 2003). 


Method 


Stimuli. We placed a series of commercial pods within 
an edited program to maximize external validity within 
experimental constraints (Winer 1999). An aquatic nature 
show (Blue Planet: Seas of Life) from the BBC and Discov- 
ery Channel served as the stimulus. The first 30 minutes of 
the program were edited into a 14-minute show block with 
five commercial breaks. The show began by displaying a 
Wild Discovery show bumper from the Discovery Channel. 
The logo in the bumper filled approximately 15% of the 
screen and was visually salient (see the Appendix). The 
bumper was placed at the end of the first and fourth com- 
mercial break and in the middle of the final commercial 
break to provide an action-oriented test of whether the 
bumper serves as a stopping signal for fast-forwarding 
viewers. 

We selected 16 advertisements from 15 hours of 
recorded Discovery Channel programming, encompassing a 
wide range of product categories and creative executions, to 
create the commercial pods. The five pods of 3 to 6 adver- 
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tisements each simulate a traditional distribution of adver- 
tisements during a full one-hour show, in that 4 advertise- 
ments appear twice and 1 advertisement appears three 
times (study time line tables are available for all studies 
at www2.bc.edu/-brasels/BreakingFFTimeline.pdf). The 
completed show lasted approximately 24 minutes and was 
loaded into a TiVo DVR for display. A second, 14.5-minute 
version of the show consisted of a rerecording in which the 
experimenter fast-forwarded through the commercials using 
the second level of speed (20x) because the first level (3x) 
appeared unrealistically slow according to the usual user 
pattern of fast-forwarding through an entire commercial 
pod. 

Participants, design, and procedure. Forty-eight under- 
graduate students at a U.S. East Coast private university 
participated in exchange for a $10 gift certificate from a 
leading online retailer. We randomly assigned participants 
to conditions while balancing gender within condition. The 
requirements of the eye-tracker methodology demanded 
that experimenters run participants individually, with each 
participant taking approximately 45 minutes to complete 
the study protocol. 

The study used a three-level—viewer fast-forwards 
(self-FF condition), automatic fast-forwarding (auto-FF 
condition), and no fast-forwarding (no-FF condition)— 
between-subjects design. After entering the lab and signing 
consent forms, participants completed a survey of basic 
television and DVR usage. We explained the eye-tracker 
system (an ASL 6000 corneal-reflection, desk-mounted 
unit) and provided an introduction to the TiVo DVR to all 
participants. Those who would be viewing the show at nor- 
mal speed (no-FF) heard an explanation of the basics of 
DVR operation. Participants in the auto-FF condition 
viewed an example of what DVR fast-forwarding would ` 
look like at the 20x speed using a video clip unrelated to the 
study stimulus. We instructed participants in the self-FF 
condition to fast-forward through the commercial breaks at 
the 20x fast-forwarding speed and allowed them to practice 
fast-forwarding and returning to normal play speeds using 
the same video clip the auto-FF participants viewed. 

Participants then were calibrated on the eye-tracker sys- 
tem by fixating on a nine-point grid on the screen. Follow- 
ing this, the eye tracker began recording, the TiVo video 
source was activated, and the respective show started for 
each condition. During the stimulus exposure, one experi- 
menter attended to the eye-tracker system to ensure that the 
device was capturing data properly, and the other surrepti- 
tiously watched the participant to ensure that he or she was 
following protocol. After the stimulus exposure, partici- 
pants completed a paper survey with the dependent mea- 
sures and covariates, received their compensation, and were 
debriefed. 


Measures 


Survey measures. We recorded the survey measures in 
two questionnaires, before and after the stimulus, created 
using procedures similar to those of Bradburn, Sudman, and 
Wansink (2007). The prestimulus measures were questions 
related to television and DVR usage, preferences for various 
show genres, and frequency of fast-forwarding through 


advertisements. The more extensive poststimulus survey 
first asked a series of free-response recall questions about 
which advertisements participants saw and provided affec- 
tive measure rating scales for the show (i.e., interesting, 
exciting, informative; all seven-point Likert scales). Next, 
brand memory was operationalized through a series of ad 
recognition scales, anchored by "definitely wasn't shown" 
and “definitely was shown,” with “not sure" as the mid- 
point; this measured brand recognition as analogous to 
aided recall. The recognition items included the 16 brands 
actually advertised during the program and 12 distracter 
brands that were not advertised. Participants in the self-FF 
condition also answered free-response and Likert questions 
about the nature of their “stopping strategy.” Finally, all par- 
ticipants provided their opinions of advertising overall and 
within the show, again using Likert scales. 


Eye-tracker measures. The eye-tracker system gave two 
key outputs. First, a data file with gazepoint coordinates and 
pupil dilation at 60 frames per second was created for each 
participant. Second, a video file of the viewer’s stimulus 
exposure with the gazepoint mapped onto the video was 
‘created, which enabled the experimenter to match brand 
location and gaze location frame-by-frame. A research 
assistant processed the video for each participant and 
recorded the following variables for each commercial pod 
on a frame-by-frame basis: pod number (e.g., first, second), 
commercial number (e.g., 11th commercial shown), fast- 
forward (a 0 or 1 dummy variable, evident because TiVo 
displays a progress bar on the bottom of the screen when a 
viewer is fast-forwarding), presence of brand information 
onscreen, brand information located within the bumper logo 
area, brand information outside bumper logo area, and gaze 
overlap with brand information (all 0 or 1 dummy 
variables). For the latter four measures, we define brand 
information as a clear graphic of the product name and/or 
logo or product packaging with the name and/or logo 
clearly displayed (see the Appendix). This transformation 
process took hundreds of hours to complete because each 
participant could generate up to 86,000 frames of data. 

To determine which brand information overlaps the cen- 
tral bumper logo location, we designed a 36-cell grid on an 
acetate screen overlay, such that the Wild Discovery logo 
filled six boxes of the grid. We used the overlay to record 
any brand information that appeared on screen according to 
the cells it occupied. Brand information was marked as 
overlapping the central bumper area only if it fully covered 
at least one of the six bumper cells. We completed this 
analysis once for the no-FF and auto-FF viewers, but we 
completed each self-FF participant separately because small 
differences in fast-forward timing led to changes in the 
number of brand information frames shown. After complet- 
ing each participant's frame-by-frame analysis, we com- 
puted summary statistics for each participant, including the 
total number of commercial frames; the number of frames 
with brand information; the number of gazepoints within 
and outside the bumper logo location; and the number of 
gazepoints on brand information overall, within, and out- 
side the bumper location. We also computed these measures 
for each commercial separately. Finally, we captured the 
standard deviation of gazepoint location and average pupil 


dilation during the show and during the commercial blocks. 
Pupil dilation frequently serves as a measure of attention or 
cognitive effort (Beatty 1982; Dionisio et al. 2001), such 
that higher levels indicate increased attention or effort. We 
used a normalized measure of dilation during commercials 
as a percentage of dilation during the show to account for 
individual variations in pupil size and reactance to changing 
chroma and brightness levels. 


Results 


Participants were similar in their media habits; we found no 
difference for mean viewer preference for nature shows or 
the DVR ownership and familiarity questions across condi- 
tions. In the poststimulus survey, viewers in all three condi- 
tions rated the stimulus show as equally interesting, excit- 
ing, appealing, visually interesting, and educational 
(analyses of variance [ANOVAs]: Fo 44) < 3, p > .40). The 
self-FF viewers were accurate, starting and stopping fast- 
forwarding within an average of 1.5 seconds from the 
beginning and ending of the commercial pod.? Viewers 
committed few accidental stopping errors, with two excep- 
tions. First, 81.2596 of self-FF viewers stopped on the 
bumper located in the middle of the fifth pod. They quickly 
resumed fast-forwarding when they recognized that the 
bumper preceded more commercials, with an average delay 
of 1.7 seconds. Second, all but one of the self-FF viewers 
stopped fast-forwarding on the GEICO commercial (the 
only advertisement to elicit such behavior), which featured 
highly show-congruent images of swimming salmon. In the 
poststimulus survey, the GEICO advertisement scored the 
highest recognition measures of any advertisement in any 
condition (M = 7). Because fast-forwarding participants 
viewed this advertisement predominantly at normal speed, 
we removed it from the analysis. 

In addition, before exploring the role of fast-forwarding, 
we measured the effects of individual differences and other 
environmental triggers on brand memory. Ad position 
within the commercial pod and overall ad position in the 
show are not significantly correlated to recognition (Zhao 
1997; г = -.198, r = -.08, both ps > .4), and participants’ 
stated familiarity with DVRs and DVR usage measures also 
had no effect on the results. 


Fast-forwarding’s effect on recognition and attention. 
To test the effects of the fast-forwarding manipulation on 
advertising effectiveness, we ran a repeated measures 
ANOVA on recognition, with fast-forwarding as a three- 
level between-subjects variable and 16 commercial repli- 
cations within subjects. Recognition served as the key out- 
come variable because prior research suggests that 
recognition scores are more discriminating for brand mem- 
ory than recall measures (Singh, Rothschild, and Churchill 
1988). A significant main effect for FF condition (Fg, 40) = 
15.258, p < .001), a significant таш effect for commercial 
(Pillai’s trace Fi}, зо) = 16.220, р < .001; within-subject 
Greenhouse-Geiser F = 11.782, p < .001), and a significant 





2Media ethnographers will be pleased to discover that the 
stereotype of women as poor remote controllers compared with 
men turns out to be false; we find no significant gender effects 
regarding starting and stopping accuracy. 
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commercial x condition interaction (Pillai’s trace Fo», 60) = 
5.440, p < .001; within-subject effect Greenhouse-Geiser 
F = 3.712, p < .01) emerge for recognition. The main effect 
of the commercial replication shows that different commer- 
cials experienced different levels of recognition, and 
follow-up data exploration reveals that commercials exhibit 
high variance in mean recognition scores, regardless of the 
condition (self-FF Ms = 2.31 to 4.75, SD = .56; auto-FF 
Ms = 2.71 to 5.73, SD = .80; and no-FF Ms = 2.19 to 6.50, 
SD = 1.23). 

We used planned contrasts to explore the strong effect 
of the fast-forwarding manipulation on mean recognition 
(see Table 1). The results show that fast-forwarding partici- 
pants are less confident in identifying present brands and 
rejecting nonpresent distracter brands than regular-speed 
viewers (Bonferroni and Tukey p < .001). Recognition 
scores for present and distracter brands are no different 
from each other for fast-forwarding viewers. These results 
confirm prior findings that fast-forwarding has a negative 
impact on ad recognition. Because the average fast- 
forwarded advertisement has little more recognition confi- 
dence than nonpresent distracter advertisements, we investi- 
gated the interaction between condition and commercial. 
What causes certain advertisements to have increased 
recognition in a fast-forwarding environment? 

H; posits that viewers who actively fast-forward 
through commercials pay greater attention than people who 
passively view advertisements. An ANOVA reveals a sig- 
nificant main effect of the fast-forwarding manipulation on 
the pupil dilation ratio (Fo 45) = 9.2, p < .001), and planned 
contrasts (see Table 1) show that the self-FF viewers have a 
significantly higher ratio than the auto-FF or no-FF condi- 
tions. This suggests that self-FF viewers pay roughly the 
same amount of attention during show content and commer- 
cials, whereas auto-FF and no-FF viewers reduce attention 
during commercials, in support of H}. 

Fast-forwarding and the visual search pattern. When 
self-FF viewers were asked how they decided to stop fast- 
forwarding, 62.5096 explicitly stated that they looked for 
the Wild Discovery logo, a higher percentage than all other 


explanations combined. Therefore, we conducted a three- 
level ANOVA for the mean percentage of time they spent 
looking at the bumper logo area during the commercial pod 
(we used mean percentages rather than raw time because 
no-FF participants experience a longer overall exposure). 
We find a significant main effect of the fast-forwarding 
manipulation (Fo 46) = 9.178, р < .001). As Table 1 shows, 
Но is strongly supported; fast-forwarding viewers spend 
significantly more time in the central bumper area during 
commercials. However, H4 is not supported, because the 
difference between self-FF and auto-FF is only directional. 

That fast-forwarding viewers constrain their visual 
attention is also evident in exploring the standard deviation 
of gaze location during commercials for each condition (see 
Table 1). Use of the standard deviation of gaze location 
during commercials (in pixels) reveals a significant effect of 
the fast-forwarding manipulation (Fo, 46) = 3.883 p < .05), 
with contrast tests showing that the self-FF participants 
have a smaller gaze standard deviation than no-FF partici- 
pants (Bonferroni and Tukey p — .04), but there is no sig- 
nificant difference between self-FF and auto-FF conditions. 
These results provide further strong support for Но but do 
not support Нз. 


What makes advertisements effective during fast- 
forwarding? To explore what drives ad recognition in fast- 
forwarding conditions, we first must explore overall brand 
dominance. We find no correlation between the total num- 
ber of frames containing brand information and the recogni- 
tion score for commercials. Given how fast-forwarding 
focuses the visual search pattern, however, total branded 
frames are a potentially misleading measure. Instead, we 
must compare brand information located in the same central 
area as the bumper logo (see the Appendix) with brand 
information located elsewhere. There is a strong difference 





3Among no-FF viewers, the number of audio mentions of a 
brand in a commercial correlates significantly with recognition 
(т = .437, p < .05); thus, the loss of audio appears to play an 
important role in the lost effectiveness of fast-forwarded advertise- 
ments (in support of Unnava and Sirdesmukh 1994). 


TABLE 1 
Study 1: Recognition and Visual Attention Measures 


Self-FF Auto-FF No-FF Versus Auto-FF 


Recognitiona 

Real advertisements 3.5 4.0 

Distracter advertisements 3.3 3.4 
Pupil dilation during commercials 99% 94% 
Time in central bumper area during 

commercials (%) 7496 70% 
Increase in time spent in central 

bumper area during commercials . 

versus during show 1696 19% 
Standard devlation of gazepoint 

location during commerclals 

(pixels)¢ 105 124 


aWe measured recognition as a seven-point Likert scale ranging from “definitely wasn’t shown" (1) to 


Significance 
of Self-FF 


Significance Significance 
of Self-FF of Self- and Auto- 
Versus No-FF FF Versus No-FF 


5.8 p « .001 p<.01 
1.9 p<.001 p < .001 
95% p<.01 p< 01 
58% p<.01 p<.01 
6% p<.01 p<.001 
140 p<.03 p<.05 
“definitely was shown" (7) 


5Dilation during commercial expressed as a percentage of dilation during show content 


cScreen resolution was 1024 x 768. 
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between the overall percentage of brand information 
located in the central bumper logo area to which partici- 
pants visually attend (M = 55%) and the percentage of 
brand information located outside the bumper logo to which 
participants visually attend (M = 396; Цаб) = 16.476, p « 
.001). Across all conditions, brand information Jocated 
within the central bumper area has an advantage in visual 
attention compared with brand information located else- 
where on the screen. 

Because prior results have suggested that fast- 
forwarding viewers constrain their attention more than 
regular-speed viewers, the attentional bias toward central 
branding should be stronger for fast-forwarding viewers. À 
multivariate analysis of variance (MANOVA) testing the 
fast-forwarding manipulation on the number of frames in 
which viewers visually attend to brand information within 
and outside the bumper logo areas (across all commercials) 
reveals a significant main effect on both the percentage of 
brand information within the bumper area to which partici- 
pants visually attend (Ес, 44) = 5.101, p < .01) and the per- 
centage of brand information outside the bumper to which 
participants visually attend (Но 44) = 9.251, p < .001). Cell- 
to-cell contrasts (see Figure 1) show that self-FF viewers 
visually attend to more brand information within the 
bumper logo area than no-FF viewers (M = 67% versus 
45%, Bonferroni p « .01). Likewise, self-FF viewers visu- 
ally attend to less brand information outside the bumper 
area than no-FF viewers (M = 1% versus 5.7%, Bonferroni 
p « .01). However, the differences between self-FF and 
auto-FF are not significant, suggesting that though self-FF 
viewers pay more attention than auto-FF viewers, their 
visual search patterns are similar. When self- and auto-FF 
viewers are combined into one fast-forwarding group, the 
difference between fast-forwarding and regular-speed view- 
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Notes: Percentages are relative to the total number of frames with 
brand Information For example, self-FF participants 
attended to brand information for 67% of the frames In which 
brand information occurred within the bumper area. 


ers is significant for both at-center brand fixations (6096 
versus 4596; ts) = 2.495 р < .02) and outside-center brand 
fixations (1.696 versus 5.796; tas) = —4.254, p « .001). 

Do these effects influence recognition? We ran regres- 
sions to test the predictive power of gazepoints at brand 
information inside and outside the bumper logo area on 
commercial recognition; all three regressions showed sig- 
nificant predictive power (all Fs > 4, all ps « .03). Among 
no-FF viewers, gazepoints on brand information both inside 
(taz) = 3.48, p < .01) and outside (6223) = 2.14, p < .05) the 
bumper area predict recognition. Among auto-FF viewers, 
gazepoints on brand information inside (t(223) = 4,85, р < 
.001) the bumper were a strong predictor, whereas gaze- 
points on brand information outside (t223) = 1.89, p < .10) 
the bumper were not significant. Finally, among self-FF 
viewers, gazepoints on brand information inside the bumper 
area predict recognition (t233) = 4.13, р < .01), whereas 
gazepoints on branding outside the bumper area are not sig- 
nificant (t238) = 1.65, р > .10). These results provide sup- 
port for Нда, showing that the disparity in predictive power 
is stronger for fast-forwarding viewers, but little support for 
На, positing differences between active and passive fast- 
forwarding viewers. 

Given the disparity in attended-to brand information, 
can simple counts of brand information accounting for loca- 
tion predict recognition, as posited in Hs and Hg? For all 
three conditions, brand information in the central bumper 
logo area is correlated with recognition (self-FF r = 354, 
auto-FF г = .255, no-FF г = .213; all ps « .01), whereas 
brand information outside the center or brand information 
overall has no correlation with recognition for fast- 
forwarding participants. This supports Hs, and the regres- 
sion results are consistent with Hg. For self-FF participants 
(r2 = .117, р < .001), brand information in the bumper logo 
area is a strong predictor of recognition (Ко2з) = 5.527, p < 
.001), but brand information outside the area has no predic- 
tive power (t223) = .333 p > .50). For auto-FF participants 
(r2 = .069, р < .001), brand information within the logo area 
is a strong predictor (К223) = 4.133, p < .001), but brand 
information outside is not significant (бооз) = 1.758, р = 
.08). Finally, among no-FF participants (r? = .056, p < .01), 
brand information both inside and outside the bumper logo 
area predict recognition (6238) = 3.447, p < -001; t238) = 
2.129, p < .05). This pattern of results strongly supports Hs 
and Hs. 


Discusslon 


The results of Study 1 provide strong support for our sys- 
tem of hypotheses comparing fast-forwarding viewers with 
regular-speed viewers. Although fast-forwarding harms ad 
effectiveness overall, there is considerable variance between 
commercials. Fast-forwarding viewers focus their attention 
on a small central portion of the screen. Only brand infor- 
mation within this central diagnostic area is visually 
attended to, and the disparity in visual attention between 
central and peripheral brand information attention is 
strongest for fast-forwarding viewers. Brand information 
within the central bumper area strongly predicts ad recogni- 
tion, whereas information outside it has no predictive power 
for fast-forwarding viewers. This shows how advertising 
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can be made effective when it is fast-forwarded; although 
the advertisements last little more than a second and lose all 
audio and narrative consistency, those with strong central 
branding can break through fast-forwarding and still 
achieve brand memory. 

Although actively fast-forwarding viewers pay more 
attention during commercials, their visual search patterns 
are similar to those viewing automatically fast-forwarded 
content. This suggests that the changes to visual attention 
cues between regular and fast-forward delivery both bias 
and constrain attention, rather than the show bumper creat- 
ing a diagnostic signal-searching bias. This is reassuring 
news for marketers because fast-forwarding in a social con- 
text should have a similar effect on vision across all view- 
ers. Note also that elevated central branding helped fast- 
forwarded advertisements without harming the experience 
of regular-speed viewers. From the results of Study 1, we 
conclude that increasing the amount of central branding in 
advertisements appears to be a positive strategy with little 
negative consequence. 


Central Versus Diagnostic 
Attentional Capture 


In Study 1, we used a real network bumper with a brand 
logo near the center of the screen. Although this central area 
encompassed only 17% of the screen, it attracted more than 
50% of the gazepoints during commercial breaks, even 
among participants watching at normal speed. In addition, 
many of the measures of visual attention were similar for 
self-FF and auto-FF viewers in Study 1. Therefore, we must 
consider whether the increased attentional capture associ- 
ated with the center of the screen occurs because partici- 
pants keep their foveal vision constrained to the location in 
which they know the diagnostic bumper logo will appear or 
because traditional eye movement triggers are attenuated or 
eliminated during fast-forwarding. Should advertisers 
match brand information to the bumper location regardless 
of where the bumper is, or should they invariably locate 
their brand information in the center of the screen? 

Recent findings have explored the ability of goal-driven 
environments to constrain and direct visual attention and 
processing. Activating behavioral goals causes people to 
focus on goal-relevant stimuli (Moskowitz 2002), and 
active goals can drive the attention-allocation phase of 
visual processing to the same degree that scene stimulus 
features do (Allport 1993). Goal congruency may even 
explain more visual attention than physical characteristics 
of stimuli (Maruff et al. 1999). Additional work also shows 
that people constrain their attention to the areas in which 
they expect diagnostic signals to appear in the future (Ehret 
2002; Oulasvirta, Kärkkäinen, and Laarni 2005). Therefore, 
if the bumper logo provides a diagnostic signal, fast- 
forwarding viewers should constrain their visual attention 
to the bumper logo area during commercial pods. 


Ну: The area of the screen corresponding to the bumper logo 
receives elevated fixations and attention during fast- 
forwarding, regardless of its location on the screen. 


Although this psychological research exploring how 
diagnostic signals capture attention holds considerable 
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weight, recent research has also explored attentional biases 
relevant to visual marketing. Human-computer interaction 
media studies suggest that visual attention rarely encom- 
passes an entire screen but rather centers on points of inter- 
est, such as motion or human faces (Goldstein, Woods, and 
Peli 2007). Visual points of interest tend to occur closer to 
the center of the screen, and the center receives more visual 
attention than the screen periphery overall (Tosi, Mecacci, 
and Pasquali 1997). Early results also support an overall 
bias toward the screen center in terms of gaze movement, 
errors, and adjustments (Vitu et al. 2004). If a general 
center-of-screen bias occurs for television viewing, fast- 
forwarding should exacerbate this effect because it elimi- 
nates motion paths and other cues that can draw focal atten- 
tion away from the center of the screen, and the rapidly 
changing visual stimulus is unlikely to reward moving focal 
attention. Thus, fast-forwarding viewers should exhibit 
increased bias toward the center of the screen, regardless of 
where the bumper logo is located. 


Hg: The central area of the screen receives greater visual fixa- 
tions and attention during fast-forwarding than normal 
viewing, regardless of the diagnostic signal location. 


To test these hypotheses and their relative strengths, we 
conducted a second study that varies the location of the 
bumper from the center of the screen. By manipulating 
bumper location on the screen, we can compare the differ- 
ential effects of diagnostic and central attentional capture. 


Study 2: Separating Central and 
Bumper Visual Capture 


Method 


Stimuli. We retained the Blue Planet nature show from 
Study 1 as the stimulus and replaced half the brands 
(including GEICO) with new commercials. The show 
length remained unchanged at 24 minutes, and the Wild 
Discovery bumper was replaced with three bumper condi- 
tions. The first condition (TR bumper) used a new 
experimenter-designed eight-second Discovery Channel 
bumper featuring the channel logo in the top right of the 
Screen on a mottled blue background. The second condition 
(BL bumper) featured the same image but with the logo in 
the bottom left of the screen for eight seconds (see the 
Appendix). The Discovery Channel logo is highly salient 
but fills only approximately 596 of the screen. The final 
condition (no bumper) contained no bumper to measure the 
baseline effects of fast-forwarding on visual attention. 


Design, procedure, and participants. The design and 
procedure of Study 2 were similar to Study 1. Forty-eight 
undergraduate students at a U.S. East Coast university par- 
ticipated in return for course credit and a $10 gift certificate 
to a leading online retailer. Prescreening ensured that no 
participants of Study 1 registered for Study 2. Participants 
entered tbe lab, signed consent forms, and then filled out a 
general media usage presurvey. After being introduced to 
TiVo and allowed to practice fast-forwarding at a 20x 
speed, participants were calibrated to the eye-tracker Sys- 
tem, and then they watched the appropriate version of the 
show for their randomly assigned condition. AII participants 


fast-forwarded through the commercial pods. After com- 
pleting the show, participants filled out the remaining sur- 
vey measures, received their gift certificate, and were 
debriefed. 


Measures 


The eye-tracker software created an extensive data file for 
each participant, with a gazepoint data capture of 60 frames 
per second. Matching each participant's data file and video 
record enabled us to determine the exact transition points 
among the show, the commercial pod, and the bumper (if 
present). Measures including pupil dilation, standard devia- 
tion of gaze, and gazepoint-to-gazepoint pixel distance 
measured visual attention during the fast-forwarded com- 
mercial pods. To determine how the bumper manipulation 
affects participants' visual attention, we calculated the num- 
ber of gazepoints during commercial pods in the areas of 
the screen corresponding to the ТК and BL bumper logo 
location and a bumper-logo-sized equivalent area in the 
center of the screen. A poststimulus survey had participants 
describe their strategy to determine when to stop fast- 
forwarding and answer Likert-scale questions on stopping 
strategies (e.g., time elapsed, number of commercials, 
recognize bumper, recognize show content). 


Results 


Focusing of visual attention and bumper attention cap- 
ture. Similar to Study 1, pupil dilation exhibits little 
decrease during fast-forwarded commercial pods and 
remains at 99% of show dilation on average, which con- 
firms that fast-forwarding engenders high levels of atten- 
tion. Viewers strongly constrained their attention while fast- 
forwarding, such that the standard deviation of gazepoint 
location dropped from an average of 152.1 during the show 
to 114.3 during commercials for fast-forwarding viewers. 
Fast-forwarding viewers reported using the bumper as a sig- 
nal to stop fast-forwarding; in the conditions with a bumper, 
72% of respondents reported waiting for the Discovery 
Channel logo to come on as a stopping signal, and 14% 
reported using the blue background as a signal to stop with- 
out mentioning the bumper logo itself. Visual cues domi- 
nated overall; in the bumper-absent condition, only one par- 
ticipant reported attempting to stop using a nonvisual cue, 
such as elapsed time. 

To explore the attention-capturing ability of the bumper 
logo areas of the screen, we ran two ANOVAs of the effects 
of the bumper logo manipulation (TR bumper, BL bumper, 
and no bumper) on the number of gazepoints in the area of 
the screen equivalent to the TR and BL bumper locations 
during commercial breaks (see Table 2). The bumper 
manipulation has a strongly significant effect on gazepoints 
in the bumper areas (TR bumper: FQ, 45) = 284.836, p < 
.001; BL bumper: Fy, 45) = 250.704, p < .001). The data 
reveal that focal attention is biased toward the respective 
bumper logo area during commercial pods for the two 
bumper-present conditions (see Table 2). The TR-bumper 
participants have considerably more gazepoints in the TR- 
bumper area during commercials than the BL-bumper area 
(tas) = 22.516, р < .001). Similarly, BL-bumper participants 
have more gazepoints in the BL-bumper area than the TR- 


TABLE 2 
Study 2: Measures of Visual Attention 


Gazepoints ^ Gazepolnts 
in TR- in BL- 
Bumper Bumper 
Area During Area During Significance 
Condition Commercials Commercials of Contrast 
TR bumper 3.30% 39% p<.01 
BL bumper .79% 2.94% p<.01 
No bumper 1.22% 1.87% 
Gazepoints Gazepoints 
inthe Center In the Center 
5% of Screen 5% of Screen 
During Show During Significance 
Condition Content Commercials of Contrast 
TR bumper 28 5% 42.3% p< 01 
BL bumper 26.2% 43.7% р<.01 
№ Битрег 27.4% 38.6% p<.01 


DNS ae ick RF LE ——Є—= 
Notes: All participants In Study 2 were fast-forwarding participants. 


bumper area (tqs) = 21.896, p < .001) during commercials. 
No-bumper participants show no visual preference between 
the two off-axis bumper locations. These results are 
strongly consistent with Ну; viewers bias their visual atten- 
tion toward bumper-consistent areas of the screen while 
fast-forwarding through commercials. However, note that 
the percentages of gazepoint capture exhibited by these off- 
center bumper logo areas are considerably smaller than 
those of the larger and more central bumper logo in Study 1. 


Center-of-screen attentional capture. The percentage of 
gazepoints contained within the 5% center of the screen 
(roughly equivalent in size to the off-center bumper logos) 
is higher during commercials than during the show across 
all three conditions (42% versus 27%; tn = 19.284, p < 
.001), and bumper presence or location has no effect on this 
central bias. This pattern of results strongly supports Hg 
(see Table 2). The screen center also captures more atten- 
tion than the bumper-equivalent logo location in both the 
TR-bumper (t5) = 48.582, p < .001) and the BL-bumper 
(tas) = 45.717, p< .001) conditions, though no bumper was 
present at the center of the screen. Comparing the findings 
that support Ну with those that support Hg, we find that the 
center of the screen exhibits a far stronger pull on focal 
attention during fast-forwarding; the off-center diagnostic 
bumper logos create only a secondary pull on visual 
attention. 


Discussion 


The results of Study 2 provide a strong replication of Study 
1’s effects and further distinguish the attention-capturing 
effects of diagnostic bumper logos and the center of the 
screen. Similar to Study 1, we find that fast-forwarding 
viewers constrain their visual attention to a small area of the 
screen during commercial breaks. Regardless of bumper 
logo location, the center of the screen captures viewers’ 
gaze; the center 5% of the screen captures 27% of gaze- 
points during the show, and this rises to more than 40% dur- 
ing the commercials. The bumper logo exhibits a secondary 
attention-capturing effect, in which gazepoint capture 
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increases for the off-center bumper logo area of the screen 
during commercial pods. When directly compared, we find 
that the screen center has stronger attention-capturing 
power than the off-center bumper logo areas. 


Moving Beyond Memory 
Taken together, Studies 1 and 2 provide strong evidence that 
advertising can break through fast-forwarding and affect 
brand memory. Recognition remains a highly relevant 
advertising outcome (Singh, Rothschild, and Churchill 
1988); the traditionally low information content of televi- 
sion advertisements (Dowling 1980; Resnick and Stern 
1977) and their frequent use as reminder advertising sug- 
gest that brand-name memory is often a primary goal of 
marketers. However, memory is not the only dimension of 
advertising effectiveness. Given the strength of centrally 
branded advertisements in affecting recognition, do 
strongly branded advertisements also show retained effec- 
tiveness for more complex outcomes, such as brand attitude 
or behavioral measures (Braun-Latour and Zaltman 2006)? 

Properly designed fast-forwarded advertisements may 
be able to affect attitudinal or behavioral measures as a 
result of spreading activation theory (Anderson 1983), 
according to which exposure to a brand name calls to mind 
а web of brand associations. Researchers have also argued 
for a "sleeper effect" (Moore and Hutchinson 1985), in 
which simple exposure to brand messages can lead to 
increased brand attitude at a later time as a result of 
increased subconscious brand familiarity, and prior work in 
mere exposure effects and low-involvement learning (Smith 
and Swinyard 1983) has shown how brief exposures can 
change affective and attitudinal responses. Yet our fast- 
forwarded advertisements last only 1.5 seconds and lose 
audio and narrative, suggesting that the opportunity to form 
an attitude toward the ad is limited. In addition, the sleeper 
effect has received mixed support in follow-up research 
(Pashupati 2003). 

To address these questions, we conducted a third study 
to explore whether the brand memory effects shown in 
Studies 1 and 2 replicate to more complex outcome mea- 
sures, such as behavior and brand attitude. Study 3 also 
enabled us to manipulate the amount of branding and brand 
location in the advertisements, to control for prior ad famil- 
iarity, and to use a more natural ratio of commercial content 
to show content. In addition, we collected baseline mea- 
sures before stimulus exposure to explore change across 
time. 


Study 3: Effect of Fast-Forwarded 
Advertisements on Attitude and 
Behavior 


Method 

Stimuli. For this study, we used a new edit of the Blue 
Planet aquatic nature show, with approximately 20 minutes 
of show content instead of 14 and four commercial breaks 
instead of five. The addition of 20 30-second advertise- 
ments to the show made the overall running time a tradi- 
tional 30 minutes and better matches a 1:2 ratio of ad to 
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show frequently used in cable programming (Foote 2007; 
Getz 2006). Given their relative lack of effect in Study 2, no 
network bumpers were used. Of the 20 commercials, we 
selected 18 to create three groups: limited branding, heavy 
peripheral branding, and heavy central branding. We 
selected 6 advertisements for each branding condition to 
give each condition a variety of brands and ad executions; 
each commercial was used once in the show. The peripheral 
and central commercials had more frames with branded 
information overall than the limited commercials (Ms = 422 
and 485 versus M = 218, respectively), central commercials 
had roughly triple the number of frames with brand infor- 
mation at the center of the screen compared with peripheral 
or limited commercials (M = 304 versus Ms = 95 and 119, 
respectively), and peripheral commercials had at least dou- 
ble the number of frames with brand information at loca- 
tions other than the center compared with central or limited 
commercials (M = 308 versus Ms = 141 and 98, respec- 
tively. We randomly ordered the commercials and then 
placed them into the four commercial breaks. 

The other two commercials we included were for two 
British chocolate bars: Flake and Aero. These commercials 
used audio from actual U.K. commercials, but the visuals 
were custom designed. Two versions of each commercial 
were created, one with heavy branding, in which brand 
information was on screen and central for 12 of the com- 
mercial’s 30 seconds, and one with limited branding, in 
which the brand information was on screen for 3 seconds. 
These advertisements (see the Appendix) were placed in the 
second and third commercial breaks during the show, and 
each participant saw heavy branding for one brand and lim- 
ited branding for the other. We used four different versions 
of the show (heavy Flake followed by limited Aero, limited 
Flake followed by heavy Aero, heavy Aero followed by lim- 
ited Flake, and limited Aero followed by heavy Flake) to 
control for potential order effects in the chocolate ad 
exposure. 


Design, procedure, and participants. Study 3 was a 2 х 
3 design with a fast-forwarding (FF versus no-FF) between- 
subjects manipulation and three three-level branding (lim- 
ited versus peripheral versus central) within-subjects 
manipulation, with six brand replications within each 
branding condition. Sixty-three undergraduate participants 
at an East Coast university were compensated with course 
credit and a $10 gift certificate to a major online retailer for 
their involvement. Seven participants were missing data at 
either Time 1 or Time 2, and we dropped them from the 
analysis. Prescreening ensured that no participants in Stud- 
ies 1 or 2 participated in Study 3. 

Study 3 employed a two-phase design. One week before 
watching the show stimulus, participants completed an 
online survey to establish baseline levels of brand familiar- 
ity, purchase intent, brand attitude, and behavioral intent. 
The following week, participants were run individually on 
the study protocol to avoid any social priming effects. Par- 
ticipants entered the lab and took a seat in front of a moni- 
tor attached to a TiVo DVR. They were instructed that they 
would watch a nature program and then fill out a survey 
after the show. One-half of the participants were Biven no 
further instructions and watched the show at normal speed; 


the other half were instructed to fast-forward through the 
commercial breaks in a manner similar to Studies 1 and 2. 
Following the show, participants filled out a poststimulus 
survey of recognition, purchase intent, brand attitude, and 
behavioral intent. During this time, the experimenter placed 
two baskets filled with the British chocolate bars near the 
door; the basket closer to the door was randomized between 
participants. When participants finished the survey, they 
were thanked, given their gift certificates, and were told that 
they were free to take a chocolate bar on their way out. 
Only one participant declined to take a chocolate bar; the 
rest had their choice recorded. 


Measures 


We collected recognition measures similar to the ones 
employed in Studies 1 and 2 after exposure to the stimulus. 
We introduced a new measure of visual recognition: a page 
of brand logos arranged in a grid in which the participant 
circled the logos for brands they recalled seeing in the 
show. We measured both purchase intent (œ = .78) and 
brand attitude (о = .89) using three Likert-scale measures 
adapted from the work of De Pelsmacker, Geuens, and 
Anckaert (2002). We measured behavioral intent (a = .82), 
such as the desire to visit the brand’s Web site or tell a 
friend about the brand, using three Likert scales adapted 
from the work of Reading and colleagues (2006), and we 
measured familiarity using a Likert scale asking, "How 
familiar are you with the advertising for [brand]?” (7 = 
“highly familiar” and 1 = “not at all familiar”). We mea- 
sured these constructs at both Time 1 and Time 2. 


Results 


Memory measures. Study 3 strongly replicates the 
results of Studies 1 and 2. We ran a repeated measures 
ANOVA for recognition, using fast-forwarding as the 
between-subjects manipulation, and branding condition as 
the within-subject measure. The results show a significant 
main effect for fast-forwarding (Ра, 46) = 36.225, p < .001), 
such that fast-forwarding participants report lower ad 
recognition than non-fast-forwarding participants (signifi- 
cant for both binomial and polynomial effects: Р5 1, 46) = 
28.09 and 6.35, ps < .001 and .05, respectively). Contrasts 
reveal that recognition is highest for the high-central- 
branding advertisements, lower for the high-peripheral- 
branding advertisements, and lowest for the limited- 
branding advertisements. There is a significant branding x 
fast-forwarding interaction (binomial and polynomial con- 
trasts: Fsq, 46) = 10.95 and 5.53, ps < .01 and .05, respec- 
tively); regular-speed participants have similar recognition 
scores for all three branding conditions, but for fast- 
forwarding participants, central advertisements (M = 5.5) 
outperform peripheral (M = 3.4) or limited (M = 3.6) 
advertisements. 

This effect is also evident for the visual recognition 
measure (see Figure 2). An ANOVA reveals a significant 
effect of fast-forwarding (Ра, 45) = 52.42, p < .001), a sig- 
nificant effect of branding (Ро, оо) = 31.28, р < .001; con- 
trast Fq, 45) = 64.98, р < .001), and a significant branding x 
fast-forwarding interaction (Fo, 99) = 9.76, р < .001; con- 
trast Fy, 45) = 18.55, p < .001). Regular-speed participants 


FIGURE 2 
Study 3: Visual Recognition 
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circled most of the logos of the advertised brands regardless 
of branding condition, whereas fast-forwarding participants 
circled high-central-branding brands considerably more 
than high-peripheral-branding or limited-branding brands 
(М = 60% versus Ms = 34% and 24.5%; ts(4g) = 6.14 and 
9.917, ps < .001 and .001, respectively). 


Attitudinal measures, behavioral intent, and purchase 
intent. To explore the effects of fast-forwarding and brand- 
ing on brand attitude, behavioral intent, and purchase intent, 
we conducted a repeated mixed measures MANOVA with 
fast-forwarding as the between-subjects manipulation and 
branding as the within-subjects manipulation. We included 
brand famuliarity, as recorded at Time 1, as a covariate to 
control for potential familiarity effects. Although familiarity 
has a significant effect on the dependent variables (Pillai's 
trace F = 3.205, p « .03), the branding manipulation 
remains strongly significant (Greenhouse-Geisser F = 
57.192, p « .001). Notably, the fast-forward manipulation 
fails to reach significance (Pillai's trace F = 2.4, p « .068), 
suggesting that the overall pattern of results appears similar 
for both regular-speed and fast-forwarding viewers. An 
examination of the pattern of results for the key dependent 
variables reveals strong effects for the branding manipula- 
tion on brand attitude and behavioral intent (Bonferroni and 
Tukey p « .05 for both) but a lack of effects on purchase 
intent. As Table 3 shows, brands in the heavy central condi- 
tion create increased brand attitude and behavioral intent, 
even when their advertisements are fast-forwarded, com- 
pared with brands using heavy peripheral or limited 
branding advertisements. 

These findings provide evidence that advertisements 
featuring heavy central branding can break through fast- 
forwarding and affect more complex constructs, such as 
brand attitude and behavioral intent. To ensure that the 
branding manipulation was driving the effects and not any 
difference between conditions in prestimulus perceptions of 
the various brands, we ran a pair of repeated measures 
ANOVAs on the change from Time 1 to Time 2 for brand 
attitude and behavioral intent using the branding manipu- 
lation and fast-forwarding as the within- and between- 
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TABLE 3 
Study 3: Attitudinal and Behavioral Measures 


Central Peripheral 
Branding Branding 
Fast-Forwarding Viewers 

Brand attitude 5.3 4.6 

Behavioral intent 3.9 3.4 

Purchase intent Б.З 4.8 

Brand attitude from Time 1 to 4.54 1.02 
Time 2 (A) 

Behavioral Intent from Time 1 to 4.51 4.08 
Time 2 (A) 

Purchase intent from Time 1 to +.47 +.25 
Time 2 (A) 

Regular-Speed Viewers 

Brand attitude 5.6 4.9 

Behavioral intent 3.8 3.6 

Purchase Intent 56 5.8 

Brand attitude from Time 1 to +.34 +17 
Time 2 (A) 

Behavioral intent from Time 1 to +.19 +.11 
Time 2 (A) 

Purchase intent from Time 1 to +.24 +.37 
Time 2 (A) 


ЅідпНісапсе of Significance of 


Limited Central Versus Central Versus 
Branding Peripheral Limited 
4.1 p«.05 p « .01 
3.0 p«.05 

44 

—.16 р<.01 p < .001 
—.08 p«.05 p«.05 
+14 

4.4 p<.05 р<.01 
3.3 

4.8 

+.31 

+.12 

+.23 


Notes’ We present adjusted brand attitude, behavioral intent, and purchase intent scores to control for a significant preexposure brand famil- 
тагїу covariate. We present adjusted A to control for а significant raw Time 1 score covanate 


subjects manipulations, respectively, and the score for each 
brand at Time 1 on brand attitude and behavioral intent as 
covariates in the respective ANOVA. This would partial out 
any variance due to differences in initial starting position on 
the dependent variables from the manipulation effects. 


Brand attitude at Time 1 was a significant covariate for . 


the brand attitude T1 — T2 delta, and behavioral intent at 
Time 1 was a significant covariate for the behavioral intent 
T1 – T2 delta (Fs = 49.235 and 14.868, ps < .001 and .001, 
respectively); however, the branding manipulation remained 
strongly significant for both dependent variables (Fs — 
17.603 and 3.307, ps « .001 and .05; contrast ps < .001 and 
.02). The results show that for fast-forwarding participants 
(see Table 3), when we controlled for each brand's pre- 
stimulus score at Time 1, high central brands had higher 
deltas from Time 1 to Time 2 for brand attitude and behav- 
ioral intent than high peripheral (Bonferroni and Tukey p « 
.01) and limited (Bonferroni and Tukey p « .01) brands. 
Although the deltas were positive regardless of branding 
conditions for regular-speed viewers, for fast-forwarding 
viewers, only the high-central-branded advertisements had 
positive prestimulus to poststimulus change for brand atti- 
tude and behavioral intent. Indeed, the deltas for fast- 
forwarded high central brands were not significantly differ- 
ent from the regular-speed high central deltas, suggesting 
that these brands were minimally harmed by fast- 
forwarding, unlike brands using high-peripheral- or limited- 
branding advertisements. 

Actual behavior: chocolate bar choice. The amount of 
branding in the chocolate bar advertisements had a strong 
effect on which chocolate bar participants actually chose. 
This effect was consistent across fast-forwarding condi- 
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tions; regular-speed viewers chose the heavily branded 
chocolate bar 64% of the time, and fast-forwarding partici- 
pants chose the heavily branded bar 6796 of the time (see 
Figure 3). Cross-tabulation reveals a significant association 
between branding condition and the chocolate bar that was 
chosen (Pearson's X2 — 5.263, p « .05, Fisher's exact test — 
.021); the adjusted standardized residuals reveal that partici- 
pants were much more likely to choose the candy bar for 
which they saw the heavily branded advertisement. In short, 
although the chocolate bar commercials were reduced 
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to approximately 1.5 seconds without audio for fast- 
forwarding viewers and though the viewers had no prior 
brand exposure, participants chose the chocolate bar with 
the heavily branded commercial at a ratio of two to one over 
the chocolate bar with the limited-branding commercial. 


Discussion 


The results of Study 3 replicate the findings of Studies 1 
and 2 and extend the results in important ways. First, both 
the amount and the location of branding have a strong effect 
on brand attitude and behavioral intent, such that brands 
using heavy central advertisements significantly outperform 
heavy peripheral- or limited-branding advertisements. Sec- 
ond, we found a considerable effect on actual choice behav- 
ior for the advertised foreign chocolate bars. Participants 
chose a chocolate bar with the heavily branded commercial 
at a ratio of two to one over the chocolate bar with the 
lightly branded commercial, even when fast-forwarding 
through the advertisements. These results provide strong 
evidence that advertisements with heavy central branding 
can affect advertising outcome variables beyond brand 
memory when the advertisements are fast-forwarded and 
can even affect actual choice behavior. 


General Discussion 


The overall pattern of results from our three studies con- 
firms that DVR fast-forwarding has a negative effect on 
advertising outcomes, but we also show how marketers can 
take active steps to improve their fast-forwarded ad effec- 
tiveness. Fast-forwarding creates strong and consistent 
biases within visual processing by eliminating traditional 
visual attention cues, and marketers must place brand infor- 
mation within the areas that capture attention. The eye- 
tracker measures 1n Study 1 show that fast-forwarding 
viewers strongly focus their attention on a central area of 
the screen. Although the overall count of frames with brand 
information provides only a weak predictor of ad recogni- 
tion, a count of frames with brand information located 
within the central area strongly predicts ad recognition. 
This is because fast-forwarding viewers visually attend 
most to the brand information within the central bumper 
logo area and almost completely ignore information outside 
it. In Study 2, we show that the center of the screen captures 
increased visual fixations when viewers fast-forward 
regardless of the bumper logo location; the show bumper 
exhibits only. а secondary diagnostic pull on visual atten- 
tion. Study 3 shows that advertisements with heavy central 
branding can yield a positive effect on attitude toward the 
brand, behavioral intent, and actual behavior. Indeed, par- 
ticipants chose an unfamiliar chocolate bar with heavily 
branded advertisements at a ratio of two to one over a 
chocolate bar with limited-branding advertisements, even 
when the advertisements were fast-forwarded. 


Theoretical Implications 


Our work highlights the importance of visual attention 
when studying consumer behavior (echoing Wedel and 
Pieters 2007). We show that the moment-to-moment айеп- 
tion information that eye trackers can provide offers an 


important tool for studying visual attention, especially for 
dynamic and interactive media. Although most current work 
in visual marketing explores relatively static visuals, such 
as magazine advertisements or Web pages, our studies 
extend this work to explore visual search patterns for a visu- 
ally dynamic television show with commercials. The differ- 
ence in visual patterns between normal-speed and fast- 
forwarding viewers shows how environmental changes can 
lead to large biases in visual search and attention. А$ con- 
sumers embrace new methods of ad-driven media distribu- 
tion and as the methods of media delivery continue to splin- 
ter into numerous online and offline formats, we must 
explore how changes in the media context change the basic 
visual search patterns of viewers and take care not to 
assume that older models of visual attention apply 
unchanged. These new media environments present enor- 
mous opportunities for exciting and useful marketing 
research, because the current lessons for advertising atten- 
tion learned from decades of print media study may not 
carry forward into the contexts of video game product 
placement, online video, and interactive Web sites. 

This research presents a preliminary exploration of how 
the changing media environment leads to base-level 
changes in visual attention by altering visual attention sig- 


, nals, such as motion cues, and it highlights the power of 


visual attention, given that differences between advertise- 
ments measured in milliseconds led to strong changes in 
advertising effectiveness. These changes in visual attention 
can also explain some prior inconsistent findings in the lit- 
erature. For example, Studies 1 and 3 clarify mixed support 
for the brand dominance theory for effective advertising 
during fast-forwarding. Although prior work has explored 
the number of frames with brand information, it has not 
considered the location of brand information on screen. Our 
research shows that only the brand information at the center 
of the screen is useful in predicting brand memory, brand 
attitude, or behavioral intent for fast-forwarding viewers. 


Practical Implications 


Fast-forwarded advertisements can retain some promotional 
effectiveness, and both marketers and consumers should 
appreciate the greater ad effectiveness possible during fast- 
forwarding. Advertisements with more brand information in 
a central location enjoy increased recognition, brand atti- 
tude, and behavioral intent, qualifying the *more-branding- 
is-better" argument in prior advertising literature. Because 
people's visual attention, especially that of fast-forwarding 
viewers, focuses on the center of the screen during commer- 
cials, marketers must ensure that their brand information is 
centrally located to prompt the necessary visual processing 
for brand memory and recognition. They cannot assume 
that a viewer's visual search pattern will eventually lead to 
brand processing. This work suggests that exploring the 
visual processing of advertisements is as important as the 
cognitive and affective processing frequently researched. As 
eye-tracker technology becomes more commonplace, man- 
agers can benefit from marketing research that empirically 
explores visual attention on their advertisements, in addi- 
tion to more traditional post hoc survey-based measures of 
attentional focus. 
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Note that the central bias shown during commercials 
was universal and highly resistant to change. Although it 
was stronger for fast-forwarding viewers, it also presented 
for regular-speed viewers. In addition, moving the diagnos- 
tic show bumper around the screen had only a secondary 
effect on visual attention, with most gazepoints still cap- 
tured by the center of the screen. Although this implies that 
the central bias may be outside marketers’ control, a key 
benefit is consistency. Rather than exploring program-to- 
program differences in bumper location, commercial pod 
duration, or surrounding advertisements, our work suggests 
that one route to increased ad effectiveness is elevated 
amounts of branded information at the center of the screen. 
This calls into question many current heavy branding exe- 
cutions that feature a brand banner near the top or the bot- 
tom of the screen. Because central branding led to no ill 
effects for regular-speed viewers, marketers should consider 
both increasing the average brand information in their 
advertisements and ensuring that information is as central 
as possible. 

Finally, note that these results have particularly strong 
implications for reminder advertisements and advertising in 
which brand exposure and memory are a primary goal. 
Advertisements with high information loads will likely not 
retain effectiveness as well as the examples shown here. 
With the loss of audio and the severe truncation of visual 
exposure time, fast-forwarded advertisements that focus on 
brand attribute knowledge or brand positioning may suffer 
regardless of brand information amount and location. 


Avenues for Further Research 


In the current studies, the brand information varied from 
commercial to commercial; some provided static close-ups 
of the product packaging with a prominent brand logo, 
whereas others displayed the brand logo as a graphic on a 
plain background. Further work could directly manipulate 
the style of brand information within a set of commercials. 
Although it would require customized commercials, such a 
study would elucidate how the style of visual brand infor- 
mation affects the relationship to marketing outcome 
variables. Perhaps logos and icons that more clearly “pop” 
from the background engender faster recognition than tradi- 
tional product packaging images and thus encourage less 
advertising miscomprehension (Jacoby and Hoyer 1982). 
Future work might also explore the long-term impact of 
fast-forwarded commercial exposure. By using foreign 
brands and unfamiliar commercials at both regular and fast- 
forwarding speeds, researchers could explore how the posi- 
tive effects on advertising outcome variables decay with 
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time. For example, recognition might prove relatively 
impervious to time, whereas increased brand attitude might 
decay within a few hours. Such work should also explore 
whether the effects could be reinvigorated with relevant 
shopping or choice environments. Finally, further work 
might also explore affect transfer from show content to 
advertised brands (Schumann and Thorson 1990; Tavassoli, 
Schultz, and Fitzsimons 1995) and how it changes under 
fast-forwarding conditions. Given that fast-forwarded 
advertisements likely generate little affect on their own 
because of the lack of narrative, show-to-brand affect trans- 
fer might be stronger. 


Conclusion 


This research explains how fast-forwarding through com- 
mercial pods focuses and alters the visual attention of view- 
ers and identifies centrally located visual brand information 
as a key driver of advertising effectiveness. Building on 
visual marketing and perceptual psychology literature, we 
conduct two eye-tracker studies that explore participants' 
visual attention to a custom-designed television show with 
several commercial breaks. Fast-forwarding eliminates 
most motion cues that encourage visual search and discour- 
ages attempts to track stimuh, so fast-forwarding viewers 
strongly constrain their vision to the center of the screen. 
Brand information located at the center of the screen is 
visually attended to at a greater rate than brand information 
placed elsewhere, and this central brand information is a 
much stronger predictor of ad recognition for fast- 
forwarding viewers than brand information overall. This 
effect is stable; even when the signal for the end of the 
commercials was located elsewhere, the screen center still 
had a positive bias during fast-forwarding. 

A third study shows that fast-forwarded advertisements 
with heavy central branding can lead to increased brand 
attitude and behavioral intent, whereas advertisements with 
peripheral or limited branding have little or no effect. Prop- 
erly designed advertisements can affect actual choice 
behavior even when they are fast-forwarded; fast- 
forwarding participants chose a product with heavy central- 
branded advertisements over a product with limited brand- 
ing at a ratio of two to one. These findings have 
implications both for marketing managers and for further 
research in visual marketing. Many questions still remain, 
and further work should continue to explore how changes in 
the media landscape are creating changes in viewers' visual 
search and attention. 


APPENDIX 
Studies 1, 2, and 3: Branding and Bumper Examples 


B: Study 1: Central-Branding Example 


A: Study 1: Bumper Logo 
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S. Cem Bahadir, Sundar G. Bharadwaj, & Rajendra K. Srivastava 


Financial Value of Brands in Mergers 
and Acquisitions: Is Value in the Eye 
of the Beholder? 


In mergers and acquisitions (M&As), brands account for significant but heterogeneous proportions of overall 


transaction value. The marketing literature focuses on 


change in the ownership of brands. However, in M&As, 
leverage them. This study identifies both the target an 


the drivers of financial value of brands when there is no 
the value of brands also depends on how their new owners 
d the acquirer firm characteristics that affect the value of a 


target firm's brands in M&As. The study uses audited measures of acquired brand value from Securities and 
Exchange Commission filings (made available as a result of recent statutory reporting requirements) along with 


data collected from diverse secondary sources. The em 
in which acquirers attribute value to target firms' brand 


pirical test of the model is based on 133 M&A transactions 
s. The results indicate that acquirer and target marketing 


capabilities and brand portfolio diversity have positive effects on a target firm's brand value. The positive impact of 


acquirer brand portfolio diversity and target marketing cap 


ability is lower when the M&A is synergistic than when 


it is nonsynergistic. The findings are robust to various model specifications, measures, endogeneity, and sample 


selection. 


Keywords: brand valuation, brand equity, marketing capability, brand portfolio, mergers and acquisitions 


rands are critical assets in mergers and acquisitions 

(M&As) (Keller 1993; Rao, Mahajan, and Varaiya 

1991). For example, Constellation Brands (2005) 
justified the acquisition of Robert Mondavi Winery as 
follows: 


The acquisiton of Robert Mondavi supports the com- 
pany's strategy of strengthening the breadth of its port- 
folio across price segments to capitalize on the overall 
growth in the premium, superpremium, and fine wine 
categories. 


In several of these M&A transactions, firms paid significant 
prices to acquire targeted brands. In a watershed transac- 
tion, Philip Morris acquired Kraft for $12.9 billion, four 
times its book value. Reflecting on the premium paid, Philip 
Morris chief executive officer (CEO) Hamish Marshall con- 
cluded, “The future of consumer marketing belongs to the 
companies with the strongest brands” (Biggar and Selame 
1992, p. 36). Recently, Hewlett-Packard attributed $1.5 bil- 
lion to Compaq's brands in a transaction valued at $24 bil- 
lion. Table 1 provides a set of recent transactions and illus- 
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trates the variance in brand value as a percentage of firm 
value. At one end of the spectrum, 49% of the firm value 
was attributed to brands with the purchase of Gillette, and at 
other end, less than 1.51% was attributed to the brand value 
in the acquisition of Latitude by Cisco Systems. 

What is the source of heterogeneity in the target firms’ 
brand value across M&As? The extant marketing literature 
suggests that each brand has a different potential for gener- 
ating future cash flows as a result of differences in brand- 
specific factors, such as price or revenue premiums (Srivas- 
tava, Shervani, and Fahey 1998). Complementing this 
expectation, acquirers may have different cash flow expec- 
tations of the brands that are independent of the target’s 
brand-specific characteristics. For example, in 1994, 
Quaker Oats paid $1.7 billion for the Snapple brand, a price 
higher than Coca-Cola’s offer as well as those of other bid- 
ders (Deighton 2002). More recently, PepsiCo and Coca- 
Cola offered $13.4 billion and $15.75 billion, respectively, 
in the bidding war to acquire Gatorade and the rest of 
Quaker Oats’ brand portfolio (McKay and Deogun 2000; 
Sorkin and Winter 2000). Collectively, the literature and the 
examples point to two broad sources of heterogeneity in 
brand value in the context of M&As: (1) the brand-specific 
characteristics of the target firm and (2) the buyers’ varying 
cash flow expectations of acquired brands. 

The objective of this article is to understand the factors 
that determine the value attributed to the target firms’ 
brands by the buyer in the context of M&As. We define 
brand value as the present value of future cash flows that 
accrue to a branded offering (product or service).! In the 





1Вгапа value can also be defined from the perspective of con- 
sumers (e.g., Kamakura and Rusell 1993; Keller 1993). We use 
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TABLE 1 
lilustrative Transactions and Brand Portfolio Value 


Acquirer 
Checkers Drive-In Restaurants 


Target 
Rallys Hamburgers 


Procter & Gamble Gillette 
Constellation Brands Robert Мопдам 
Cisco Systems Latitude 


Notes: Compiled from SEC filings 


marketing literature, conceptual and empirical work focuses 
on antecedents to brand value in contexts in which there is 
no change in the ownership of brands (e.g., Barwise et al. 
1990; Chu and Keh 2006; Farquhar and ljiri 1991). 
Although рпбог studies have incorporated important and 
relevant characteristics of the target (e.g., market share), 
they have overlooked the M&A context and therefore have 
not addressed an acquirer's perspective of brand value. 
Only Mahajan, Rao, and Srivastava (1994) acknowledge the 
importance of the acquirer's perspective on a target firm's 
brand value, but they do not empirically test the role of tar- 
get and acquirer characteristics that could affect the value of 
a target firm's brands in M&As. The dearth of academic 
research on the financial value of brands, as we illustrate in 
Table 2, is surprising because firms allocate substantial 
resources to acquire brands and brands continue to be of 
strategic importance to firms. 


— LLL 
data that reflect the acquirer firm's future cash flow expectations 
of the brand, so brand value from the firm perspective is more 
appropriate in this context than brand value from the consumer 
perspective. We modify Simon and Sullivan's (1993) definition of 
financial value of brands to capture a holistic perspective. We 
discuss the valuation of brands from a holistic perspective in the 
measurement section 



































TABLE 2 
Positioning the Research 
Within a Firm In an M&A 
Conceptual Barwise et al. Mahajan, Rao, 
literature (1990) and Srivastava 
on the (1994) 





Farquhar and ljiri 
(1991) 


determinants of 
financial brand 
value 






This study 





Shocker and 
Weitz (1988) 


Chu and Keh 
(2006) 





















Empirical 
Irtterature 
on the 
determinants of 
flnancial brand 
value 










Simon and This study 


Sullivan (1993) 









Notes: The list of articles is Illustrative 
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Target Firm Value 
(In Millions of Dollars) Milllons of Dollars) Value/Firm Value 


Target Firm Brand 


Portfolio Value (in Brand Portfolio 


40 19 49.72% 
53,457 26,251 49.61% 
1,042 186 17.85% 
86 1 1.16% 


Against this backdrop, we contribute to the marketing 
literature in the following ways: First, we identify the 
impact of both target and acquirer characteristics on the 
financial value of the target firm’s brands in an M&A con- 
text. We find that acquirer and target marketing capabilities 
and their brand strategy (proxied by brand portfolio diver- 
sity) affect a target's brand value positively.? These findings 
underscore the significance of acquirer characteristics in 
determining the financial value of brands in an M&A 
context. 

Second, we investigate the contingent effect of M&A 
strategy (synergistic versus nonsynergistic) on the relation- 
ship between a target firm’s marketing capability and its 
brand value, as well as the relationship between the diver- 
sity of an acquirer’s brand portfolio and a target’s brand 
value. We find that the positive impact of an acquirer’s 
brand portfolio diversity on a target’s brand value is lower 
when the acquisition is synergistic. We also find that the 
positive effect of a target’s marketing capability on its brand 
value is attenuated when the M&A strategy is synergistic in 
nature. Taken together, these findings underscore the sig- 
nificance of redundancy in brand portfolios and marketing 
capabilities on the value of acquired brands. 

Third, for the dependent variable, we use an accounting 
estimate of brand value as reported in the Securities and 
Exchange Commission (SEC) filings of the acquirer firm in 
the analysis. We use the dollar value an acquirer firm 
attaches to the target firm’s brands in an M&A transaction 
as the measure of brand value. There are several key 
strengths of this measure: (1) It is based on the acquirer’s 
cash flow expectations from the brand, so it is expressed in 
monetary terms; (2) it is a forward-looking measure of 
brand value; (3) it reflects value attached only to brands, not 
to other assets; (4) it is based on a thorough analysis by the 
acquirer and valuation experts; and (5) it is subject to audit 
by the SEC. In the following section, we develop theoretical 
arguments that link the variables of interest to the acquirer’s 
cash flow expectations from acquired brands. 


Model Development 


We develop the theoretical model from a discounted cash 
flow perspective. In essence, all the constructs in the model 





2We use the terms “target brand value” and “target brand port- 
folio value” interchangeably throughout the text. 


affect one or more aspects of the acquirer's cash flow 
expectations from the target firm's brand portfolio: level, 
growth, volatility, and vulnerability of cash flows (Srivas- 
tava, Shervani, and Fahey 1998). In developing our argu- 
ments linking marketing capabilities and brand portfolio 
strategies—through cash flow expectations—to brand 
value, we build on two streams of research: (1) the 
resource-based view (RBV) and (2) brand strategy. The 
RBV literature suggests that firms differ 1n terms of their 
strategic resources and capabilities (Barney 1991; Werner- 
felt 1984). Barney (1986) argues that the heterogeneity of 
resources and capabilities may explain why potential 
acquirers have different cash flow expectations from the 
same strategic assets. Makadok (2001) demonstrates how 
resource-deployment capability leads to differential cash 
flow expectations from the same resources among potential 
acquirers. 

In the marketing RBV literature, brands (and brand 
equity) are identified as market-based assets and as sources 
of competitive advantage (Bharadwaj, Varadarajan, and 
Fahy 1993; Srivastava, Shervani, and Fahey 1998). Brands 
conform to the asset properties that lead to market imper- 
fections (e.g., rarity, inimitability). Thus, firms differ in 
their market-based assets and capabilities. Consequently, in 
an M&A, we expect that the acquirer's cash flow expecta- 
tions from the target firm's brand portfolio vary as a func- 
tion of the target's and the acquirer's marketing capabilities. 

The RBV points only to capabilities in explaining the 
cash flow expectations from a target's strategic assets. How- 
ever, the brand strategy literature suggests that there are 
other target and acquirer characteristics that could affect the 
formation of an acquirer's expectations of a target's brands. 
The branding strategy literature identifies the presence of 
three main branding strategies in practice: corporate, house- 
of-brands, and mixed (Laforet and Saunders 1994, 1999). 
On a branding strategy continuum, at one end is the corpo- 
rate branding strategy in which the firm uses only one brand 
name across product markets (e.g., General Electric). At the 
other end of the continuum is the house-of-brands strategy 
in which the firm uses different brands to serve different 
product markets (e.g., Procter & Gamble). The trade-off 
between two marketing strategies is economies of scale in 
marketing spending versus targeting and positioning of 
brands specific to each segment (Rao, Agarwal, and 
Dahlhoff 2004). Consequently, a firm's brand strategy 
reflects its preference for economies of scale over differen- 
tiation benefits, or vice versa. Firms restructure their brand 
portfolios to achieve differentiation or economies-of-scale 
benefits (Kumar 2004). For example, in the early 1990s, 
Colgate-Palmolive reduced its brand portfolio size by one- 
quarter, which led to savings of $20 million a year (Knud- 
sen et al. 1997). Similarly, after an M&A, acquirers restruc- 
ture a target firm's brand portfolio in various ways (e.g., 
divestment of target's brands) according to their brand 
strategies (Ettenson and Knowles 2006). Thus, both 
acquirer and target brand portfolio strategies are important 
in determining the value of a target firm’s brands as a result 
of a firm’s preference for different brand portfolio 
strategies. 


Acquirer Characteristics 


Acquirer marketing capability. The acquirer’s market- 
ing capability refers to its ability to combine efficiently sev- 
eral marketing resources to engage in productive activity 
and attain marketing objectives (Amit and Schoemaker 
1993; Dutta, Narasimhan, and Rajiv 2005). Acquirers vary 
in terms of their marketing resources (e.g., sales personnel), 
and the differences in marketing resources create differ- 
ences among acquirers’ marketing capabilities (Makadok 
2001). Prior empirical findings corroborate the argument 
that there is heterogeneity across firms’ marketing capabili- 
ties, even among firms in the same industry (Dutta, 
Narasimhan, and Rajiv 1999). Firms with stronger market- 
ing capabilities will attribute higher value to targets’ brands 
because their expectations of future revenues from a brand 
portfolio will be higher than firms with lower marketing 
capabilities. This stems from the notion that acquirers with 
stronger marketing capabilities are able to deploy a target’s 
brand portfolio more efficiently, which will affect their 
level, growth, and volatility of cash flow expectations from 
the target’s brand portfolio. More specifically, “marketing- 
competent” acquirers may leverage a target’s brands suc- 
cessfully in the following ways: (1) by achieving the same 
or higher level of revenues by spending fewer marketing 
dollars, leading to expectations of a greater cash flow; (2) 
by extending the target’s brands to new markets more effi- 
ciently, thus enabling an expectation of a greater level of 
growth in cash flow; (3) by cobranding the target’s brands 
with existing brands more efficiently, also leading to greater 
expectations of cash flow; or (4) by better withstanding the 
competitive pressures from other brands, leading to a lower 
volatility/vulnerability of expected cash flow and, thus, 
lower discount rates. An awareness of the capability to exe- 
cute these possibilities will lead an acquirer to attribute 
higher value to the target firm’s brand portfolio. 

H,. The greater the acquirer’s marketing capability, the higher 

is the target firm’s brand portfolio value. 


Acquirer brand portfolio diversity. Brand portfolio 
diversity is defined as the degree to which a firm chooses to 
serve markets with different brands. Brand diversity is low 
when the firm uses a single brand or few brands across 
industries (e.g., General Electric). If the firm uses different 
brand names across its businesses, brand portfolio diversity 
is high (e.g., Procter & Gamble). A highly diverse brand 
portfolio enables the firm to customize the brands for the 
specific needs of different customer segments and to enjoy 
the revenue and price premium benefits of differentiation. 
However, such portfolios tend to be much less efficient in 
terms of marketing spending than less diverse brand portfo- 
lios (e.g., Rao, Agarwal, and Dahlhoff 2004). 

In the context of an M&A, an acquirer with a diverse 
brand portfolio will keep more of the target firm’s brands 
active following the M&A. In contrast, if the acquirer’s 
brand portfolio diversity is low, the acquirer will divest 
most or all of the target firm’s brands because keeping the 
target’s brands alive will hurt the economies of scale in 
marketing spending. 
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If fewer brands are retained, the acquirer's level of cash 
flow expectations from the target firm's brand portfolio will 
be lower than when a larger number of brands are retained. 
Consequently, a fewer number of brands retained will lead 
to lower brand portfolio value. Empirical findings suggest 
that the target's assets are more likely to be divested than 
the acquirer's assets following a transaction (Capron, 
Mitchell, and Swaminathan 2001). Brands are subject to 
divestiture along with other assets. A recent review of 207 
M&As completed since 1995 reports that target brands are 
divested in 39.6% of the transactions (Bttenson and 
Knowles 2006). As a case in point, after the merger between 
AT&T and SBC Communications, AT&T (which has low 
brand portfolio diversity) decided to abandon the popular 
Cingular brand and logo in 2007 (Advertising Age 2006). 
Given the empirical and anecdotal evidence that the 
acquirer is likely to keep few, if any, of the target’s brands 
alive when the acquirer’s brand portfolio diversity is low, 
we posit the following: 

Нз: The greater the acquirer’s brand portfolio diversity, the 

higher is the target firm’s brand portfolio value. 


Target Characteristics 


Target marketing capability. Traditionally, firms’ mar- 
keting objectives have been customer satisfaction, market 
share, and sales growth. However, achieving these objec- 
tives may be costly. Indeed, firms are increasingly inter- 
ested in the productivity of marketing investments (Rust et 
al. 2004). If revenues are highly dependent on substantial 
marketing spending, the margins on the brands will be low. 
Thus, the critical metric for the acquirer firm is the outputs 
(revenues) generated by marketing inputs (advertising and 
promotion). Target firms with strong marketing capabilities 
are likely to achieve financial outcomes more efficiently 
than firms with weaker marketing capabilities. Empirical 
findings suggest that stronger marketing capabilities lead to 
higher firm profitability (Dutta, Narasimhan, and Rajiv 
1999), implying that firms with stronger capabilities 
achieve efficiency in marketing spending. This efficiency 
will affect an acquirer’s level of cash flow expectations 
from the brand portfolio. If the target firm is productive 
with respect to marketing spending, the acquirer firm will 
be able to generate higher revenues from the target firm’s 
brand portfolio with lower marketing spending in the future. 
Similarly, the acquiring firm can extend a target firm’s 
brand to new categories and cross-sell its brands in the tar- 
get’s market by leveraging the target’s marketing capability, 
thus increasing both the level and the growth rate of 
acquirer’s cash flow expectations. 

Furthermore, the target firm’s marketing capability may 
operate as insurance against the existing and potential 
competitive pressures. Consequently, the acquirer’s volatil- 
ity and vulnerability expectations associated with the cash 
flows from target firm brands will be much lower. Less 
risky cash flows will lead to higher brand value. Formally, 

Нз: The greater ће target's marketing capability, the higher 1s 

the target firm's brand portfolio value. 
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Target brand portfolio diversity. When brand portfolio 
diversity is high, revenues tend to be higher as a result of 
better targeting and positioning, but marketing spending 
also tends to be higher because of the separate marketing 
support needs of different brands. Empirical evidence is 
sparse on the net performance effects of high versus low 
brand portfolio diversity effects. Rao, Agarwal, and 
Dahlhoff (2004) find that a corporate branding strategy (low 
brand portfolio diversity) has a higher positive effect on 
Tobin's q than a house-of-brands strategy. In contrast, Mor- 
gan and Rego (2006) find a positive relationship between 
brand portfolio size and Tobin's q. 

In the M&A context, brand portfolios with low divers- 
ity provide lower growth opportunities. As the brand port- 
folio diversity decreases, the extension options diminish 
because further extending the few brands in the portfolio 
holds risks of brand dilution. However, more diverse brand 
portfolios provide strategic options for the acquirer (1.е., 
flexibility in terms of brand extension opportunities). The 
acquirer can generate additional cash flows by using the tar- 
get's brands in new markets or categories. The acquirer can 
cherry-pick the brand it wants to extend to new categories. 
The presence of extension options will increase the 
acquirer's level and growth of cash flow expectations from 
the acquired brand portfolio. For example, when Liz Clai- 
borne acquired Prana (a maker of apparel for climbing, 
yoga, and outdoor activities), Paul Charron, CEO of Liz 
Claiborne, argued that Prana provided strategic brand 
extension opportunities 1n nonapparel categories (Ryan 
2005). Similarly, after AOL/Time Warner's acquisition of 
IPC Media, Michael Pepe, CEO of Time International, con- 
tended that IPC Media had a brand portfolio in the publish- 
ing business that provided extension opportunities (Brech 
2001). Collectively, these examples corroborate the argu- 
ment that more diverse brand portfolios offer more exten- 
sion opportunities to the acquirer. In the presence of multi- 
ple opportunities, the acquirer's expectations of the level 
and growth rate of cash flows from the target brand port- 
folio will be greater because the acquirer will be able to 
generate additional revenue streams by leveraging these 
extension opportunities. Consequently, 


Н+: The greater the target's brand portfolio diversity, the 
higher is the target firm's brand portfolio value. 


Moderators 


The acquirer's and target's marketing capabilities and brand 
portfolio strategies will affect the acquirer's cash flow 
expectations from the target firm's brand portfolio. How- 
ever, the literature suggests two contingencies as candidates 
that are likely to influence the impact of marketing capabil- 
ity and brand portfolio strategy on brand value. First, the 
acquirer's M&A strategy, which is treated as a determinant 
of its cash flow expectations in the strategy literature (e.g., 
Brush 1996), is likely to cause redundancy among acquirer 
and target brand portfolios and marketing capabilities. In 
turn, redundancy is likely to affect the acquirer's cash flow 
expectations. Second, target sales growth is considered a 
moderator because executives frequently focus more on 
short-term performance metrics than on long-term metrics, 


such as marketing capabilities. Because marketing capabil- 
ity is a key variable in the model, we examine the moderat- 
ing effect of sales growth on the relationship between target 
marketing capability and target brand value. 


M&A Strategy 


M&A strategy and acquirer firm brand portfolio diver- 
sity. When the acquirer and the target operate in the same 
industry, the redundancy between the acquirer’s and the 
target’s brands will be greater (Varadarajan, DeFanti, and 
Busch 2006). Acquirers with more diverse brand portfolios 
will suffer more from redundancy than acquirers with less 
diverse brand portfolios because firms with more diverse 
brand portfolios will have more brands targeted at different 
consumer segments within the same industry. The overlap 
among brand portfolios will cause a cannibalization of cash 
flows. Consequently, to minimize the cash flow cannibal- 
ization, the acquirer’s propensity to retain the target’s 
brands will be lower. For example, Procter & Gamble 
decided to divest Gillette’s Right Guard, Soft & Dri, and 
Dry Idea brands in the deodorant category even though 
Procter & Gamble has a highly diverse brand portfolio. 
Fewer brands retained will lead to a lower level of cash flow 
expectations from target brands. Furthermore, the acquirer’s 
cash flow expectations from the target’s brand portfolio will 
be lower even for the retained brands. The presence of mul- 
tiple brands in the same industry will inevitably lead to can- 
nibalization of cash flows because customer segments in 
many industries are not separated by distinct borders. Thus: 

Hs: The expected positive effect of the acquirer's brand port- 

folio diversity on a target firm's brand portfolio value 1s 
lower (higher) when the M&A strategy is synergistic 
(nonsynergistic). 


M&A strategy and target firm marketing capability. A 
synergistic M&A strategy is likely to lead to redundancy 
between an acquirer's and a target's marketing capabilities. 
There may be overlaps in skills between the acquirer's and 
the target's marketing personnel. In such cases, the acquirer 
may put less of a premium on the target's marketing capa- 
bility for generating additional cash flows because similar 
capabilities reside in the acquirer. In extreme cases of over- 
lap among the marketing capabilities of the target and the 
acquirer, the acquirer may deploy the target's marketing 
personnel elsewhere (Capron and Hulland 1999). In the 
presence of redundancy between target and acquirer mar- 
keting capabilities, the ability of the target's marketing capa- 
bility to affect the acquirer's cash flow expectations will be 
inhibited. Thus: 


Hg: The expected positive effect of the target’s marketing 
capability on its brand portfolio value is lower (higher) 
when the M&A strategy is synergistic (nonsynergistic). 


Target Sales Growth 


Target sales growth and target firm marketing capabil- 
ity. Firms with stronger marketing capabilities are more 
efficient in deploying marketing resources, leading to 
higher profitability (Dutta, Narasimhan, and Rajiv 1999). 
Such firms are attractive candidates for acquisition as a 
result of their potential to generate long-term market perfor- 


mance based on their marketing capabilities. If a target has 
a high level of sales growth, acquirer execntives may per- 
ceive the higher sales growth as additional evidence of the 
target's marketing capabilities. In such a case, an acquirer's 
cash flow expectations will be influenced more by the tar- 
get's marketing capability. However, acquirer firms may not 
always focus on marketing capabilities and long-term per- 
formance. Publicly traded firms are usually under pressure 
to meet quarterly earning estimates driven by short- to 
medium-term sales growth expectations (Dobbs and Koller 
2005; Graham, Harvey, and Rajgopal 2005). Consequently, 
capturing a firm's growth opportunities is a key driver of 
M&A deals. For example, Jones Apparel Group acquired 
Barneys New York "to enter the high-growth, resilient lux- 
шу goods market" (Jones Apparel Group 2006). If the tar- 
get achieves a high level of sales growth, an acquirer may 
pay less attention to the target's marketing capabilities and 
focus more on short-term growth. In that case, the positive 
influence of the target's marketing capability on an 
acquirer's cash flow expectations will be lower. Given the 
competing explanations on the moderating role of sales 
growth, we do not pose a directional hypothesis, and the net 
effect will be determined empirically. 


Control Variables 


We include four industry factors to control for their effects 
on the acquirer’s cash flow expectations from acquired 
brands: (1) industry growth, (2) industry demand risk, (3) 
industry competition, and (4) industry type. We capture the 
nature of a target firm’s industry by categorizing industries 
into two groups: product- or service-oriented industries. 
Competing views exist on brands’ abilities to generate cash 
flows 1n these two industries. Ambler and colleagues (2002) 
argue that brands may be less important in service-oriented 
industries than in goods-oriented industries. In contrast, 
Bharadwaj, Varadarajan, and Fahy (1993) contend that 
service firms require strong brands to “tangibilize” the 
intangible nature of the offering. 

A competing explanatory mechanism that could poten- 
tially capture the variability in reported values of acquired 
brands is the firms’ incentives to manipulate financial state- 
ments. The accounting literature notes that firms may over- 
estimate or underestimate the value of acquired intangible 
assets for financial reporting purposes (e.g., Wyatt 2005). 
Muller (1999) discusses the potential impact of two factors 
on brand value reporting: leverage and financing considera- 
tions. First, attributing value to brands improves the lever- 
age ratio, possibly helping the firm to secure long-term debt 
from financial institutions. Second, anecdotal evidence 
(e.g., Jackson 1996) suggests that firms use brand valua- 
tions to support the raising of new loan capital, so we incor- 
porate acquirer leverage and financing considerations as 
controls. 


Methodology 


Sample 


The population for the study is all M&As in which the tar- 
gets and acquirers were U.S.-based public firms during the 
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period from 2001 to 2005. We began sampling in 2001 
because detailed reporting of intangible assets in M&A 
transactions was only voluntary before this time. We 
focused on public firms because the data for the dependent 
variables and some of the independent variables (e.g., mar- 
keting capability) were available only for public companies. 
We randomly sampled transactions from a wide range of 
industries and reviewed the SEC filings of all the firms in 
the sampled industries. Of the 268 transactions reviewed, 
target brand portfolio value was recognized in 133 transac- 
tions, which serves as the sample for the main model in the 
estimation. 

Of the target firms, 31.5896 operated in the business ser- 
vices industry, and 996 operated in the measurement instru- 
ments industry. Among the acquirer firms, 24.81% operated 
in the business services industry, and 12.78% operated in 
the industrial, commercial machinery, and computer equip- 
ment industries. 


Data Sources 


We compiled the data set manually from several secondary 
sources, including SEC filings, COMPUSTAT, SDC Plati- 
num, Advertising Age, the National Bureau of Economic 
Research (NBER) patent database, and the U.S. Patent and 
Trademark Office (USPTO). We collected data from COM- 
PUSTAT, Advertising Age, and the updated NBER database 
to measure marketing capability. We used COMPUSTAT to 
obtain sales; advertising; selling; and general administrative 
expenses, receivables, and intraindustry classification data. 
We cross-checked the Advertising Age database to validate 
whether firms in the sample incurred advertising expenses 
without reporting them. We relied on the USPTO database 
for the data on the targets’ and the acquirers’ brands. We 
searched for all the brands registered in the firms’ names. 
We did not include a brand in the portfolio if it was aban- 
doned before or registered after the effective date of the 
M&A transaction. 


Measurement of Dependent Variable 


Background. The literature divides the brand equity 
measures into three broad categories: (1) customer mind- 
set, (2) product market, and (3) financial outcomes (Keller 
and Lehmann 2006). Although Categories 1 and 2 are use- 
ful to managers, they cannot be easily converted into a 
financial market value measure. Category 3 is increasingly 
discussed as viable and as a complementary measure to the 
other two categories. Financial market outcome measures 
are primarily based on the cash flows that are attributable to 
brands. Although some researchers have criticized the 
financial approach because cash flows can be driven by a 
larger set of factors beyond brands (Ambler 2003; Ambler 
and Barwise 1998), it is still popular with managers. 
According to their review of brand value measures, 
Ailawadi, Lehmann, and Neslin (2003) conclude that there 
is no perfect measure or method. Of the ten criteria devel- 
oped in a' Marketing Science Institute workshop, all three 
methods meet some of the ten criteria and not others, 
appear to complement one another, and therefore are appro- 
priate for different contexts. 
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Given the M&A context of the study, we draw on a 
financial market measure as the dependent variable for this 
study. In line with the objective of the study, the dependent 
variable reflects the acquirer's cash flow expectations from 
the acquired brand. Beyond managers' broad acceptance of 
a financial measure, the measure we use has the following 
strengths: (1) It is based on the acquirer's cash flow expec- 
tations from the brand, so it is expressed in monetary terms; 
Q2) it is a forward-looking measure of brand value; (3) it 
reflects value attached only to brands, not to other assets; 
(4) it is based on a thorough analysis by the acquirer and 
valuation experts; and (5) it is subject to audit by SEC. 


Brand value measure. The dependent variable is the dol- 
lar value of the target brand portfolio that acquirer firms 
report in the SEC filings concurrent with their M&A trans- 
actions. Financial Accounting Standards Board guidelines 
recommend three methods of valuing brands: market-, 
income-, and cost-based approaches. We conducted 30- to 
45-minute-long interviews with five groups of experts and 
executives to gain insights into the valuation process, as 
well as the reliability and validity of an accounting-based 
measure of brand value. The groups included investment 
bankers with M&A expertise, strategic business develop- 
ment executives and a CEO responsible for M&A activities 
in their firms, audit firm executives, independent appraisers, 
and accounting faculty. The practitioners worked for one of 
the following types of organizations: Fortune 500 firms, 
Wall Street financial institutions, Big 4 accounting firms, 
and valuation firms. Overall, we contacted 23 practitioners. 
The interviewees' experience ranged between 2 and 30 
years. 

The experts indicated that the dominant method in the 
practice is the income approach. Similar opinions are 
voiced in practitioner publications (e.g., Smith and Parr 
2005). The income-based valuation is conducted in two 
steps. First, cash flow expectations from brands are formed 
and present values of future cash flows are computed. Sec- 
ond, this value is multiplied by a factor called the "royalty 
rate." This factor is selected from the following perspective: 
If the brand were subject to a licensing deal, what would be 
the royalty rate for the brand? Royalty rates reported for 
similar brands in the same and/or related industries are used 
as the benchmark for the royalty rate determination. As the 
valuation method shows, the measure captures the value of 
the brand in association with the product because the ulti- 
mate value relies inherently on the cash flow expectations 
from the brand and product. Consequently, we resort to a 
bolistic definition of brand value that includes the product 
and brand.3 

' The final value attributed to the target firm's brands is 
provided by an independent third-party valuation firm/ 
practice with input from the acquirer firm. The acquirer 
provides its cash flow expectations from the target firm’s 
brand portfolio and the associated assumptions about its 





З addition, the data set we analyze does not have any transac- 
tions in which the ownership of brands changes without the under- 
lying products. We thank a reviewer for pointing out this important 
distinction and the need to take a holistic perspective. 


expectations to valuation experts. Valuation experts use 
these cash flow expectations to arrive at the final value of 
acquired brands by questioning and challenging these 
assumptions if necessary. 

The process is finalized within a 6- to 12-month period 
of the effective date of the acquisition. This value is subject 
to audit by the acquirer's auditors, and the final value 
reported in the SEC filings is also subject to SEC audits. 
The reported value of acquired brands is subject to an 
annual impairment test to ensure that the carrying value of 
asset on the balance sheet is valid. 


Reliability. A key objective of conducting interviews 
with a diverse set of experts was to understand whether 
acquirers would have the incentive and flexibility to 
manipulate (ie., over- or underestimate) the value of 
acquired brands. Almost unanimously, all the interviewees 
pointed out that accounting regulations are strict about the 
reporting of intangible assets. For example, a vice president 
for strategic business development of a Fortune 500 firm 
stated, “In the past, firms could have a desired outcome 
1n mind, and they put that number on the balance sheet, but 
in the current accounting environment (i.e., post-Enron 
and post-Sarbanes-Oxley Act), firms do not have that 
flexibility.” Similar sentiments were voiced in other inter- 
views as well. We performed robustness checks on potential 
manipulation of the reported values and discuss these in the 
results section. 


Validity. Yn our interviews, we asked open-ended ques- 
tions to elicit information on the validity of the measure of 
brand value. Both the valuation experts and the acquirer 
firm executives indicated that they spend considerable time 
to "get it [the value] right" As one executive stated, “We 
come up with our cash flow expectations from the brands 
but appraisers question our numbers." A valuation expert 
stated that he uses a comprehensive checklist during the 
valuation of intangible assets. The checklist and the related 
questions ensure that the acquirer's expectations from the 
target’s brand portfolio are reflected realistically on the bal- 
ance sheet. 

We also searched the accounting literature to gain 
insights into the validity of our measure. Several recent 
studies have reported that capitalized intangible assets are 
value relevant. Investors and financial analysts tend to react 
to changes in the value of intangible assets, including 
brands (Barth and Clinch 1998; Matolcsy and Wyatt 2006; 
Ritter and Wells 2006). 


Measurement of Independent Varlables 


Marketing capability. Researchers have adopted three 
main approaches to measure marketing capabilities. The 
first is а knowledge-based approach, which attempts to 
measure directly the knowledge and skills that constitute 
marketing capabilities by means of surveys or case studies 
(e.g., Atuahene-Gima 2005; Vorhies and Morgan 2005). The 
second approach treats an output measure (e.g., market 
share) as a proxy for marketing capability (e.g., Moorman 
and Slotegraaf 1999). The third approach yields a measure 
of a firm's ability to convert inputs (i.e., resources) into out- 
puts (e.g., sales, profitability). This approach is predicated 


on the viewpoint that capabilities represent a firm's ability 
to use resources more efficiently than its competitors to 
achieve certain objectives (Amit and Schoemaker 1993; 
Dutta, Narasimhan, and Rajiv 2005). We adopt this input- 
output approach for both theoretical and practical reasons. 
First, it overcomes a key limitation of outcome-based capa- 
bility measures—that is, the tautology induced by attribut- 
ing the presence of strong capability to success (Dutta, 
Narasimhan, and Rajiv 2005; Williamson 1999). Second, 
our interest is in examining the overall impact of marketing 
capability on brand value rather than studying various com- 
ponents of marketing capability (e.g., pricing capability, 
distribution capability). This approach allows for the calcu- 
lation of a marketing capability score without measuring the 
underlying dimensions of the capability. Third, from a prac- 
tical standpoint, because we are examining acquisitions in 
the period from 2001 to 2005, a retrospective survey mea- 
surement of capability is likely to have low validity. More- 
over, the market share of these brands is not publicly avail- 
able. Consequently, we rule out the first and second 
approaches to measure marketing capabilities. 

Following Dutta, Narasimhan, and Rajiv (1999), we 
estimate an input-output equation that uses sales as the out- 
put and a set of variables (e.g., advertising; selling, general, 
and administrative expenses) as the input. We compute the 
technical efficiency score using the parameter estimates of 
the input-output equation one industry at a time.4 Then, we 
divide this score by the maximum score of marketing capa- 
bility ш an industry and multiply it by 100 for each year. 
We use the three-year average of relative marketing capabil- 
ity scores in the model estimation. 


Brand portfolio diversity. We use a measure of brand 
portfolio diversity that is conceptually similar to Rao, Agar- 
wal, and Dahlhoff's (2004) measure of brand strategy. 
Specifically, brand portfolio diversity is brand portfolio size 
divided by the number of categories in which a firm oper- 
ates. Brand portfolio size is measured as the number of 
brands that a firm owns. The number of categories is com- 
puted as the number of different North American Industry 
Classification System (NAICS) categories in which the firm 
operates. For example, if the firm implements a pure 
corporate-branding strategy, the portfolio size is equal to 1. 
If the firm operates in five different NAICS categories, the 
brand portfolio diversity is .2. As this ratio approaches zero, 
it suggests that the firm's brand is extended to many differ- 
ent categories. If the ratio grows large, it suggests that the 
firm's strategy is closer to a house-of-brands strategy. 


M&A strategy. We categorize an M&A Strategy as syn- 
ergistic if the target’s and acquirer's primary four-digit 
Standard Industrial Classification (SIC) codes are the same 
(Beckman and Haunschild 2002). We code the variable as 1 
if the target and acquirer operate in the same industry and as 
0 if otherwise. 


Target firm sales growth. We compute the year-over- 
year sales growth of a target firm in the primary SIC indus- 
try for the three years preceding the transaction. Then, we 





^The results appear in an Appendix that is available on request. 
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average the three year-over-year sales growth rates to arrive 
at the target firm's sales growth. (We provide the measure- 
ment of the other independent variables in Table 3.) 


Model Specification and Estimation 


We use the Heckman (1979) procedure to control for the 
systematic differences that might arise between the firms 
that recognize the value of acquired brands on their balance 
sheets and those that do not. Failure to control for these sys- 
tematic differences will lead to biased parameter estimates 
as a result of sample selection. In estimating the model, we 
use the Heckman two-step estimator. In the first step of the 
estimation, a probit model is estimated (see Equation 1). We 
compute the Mills lambda using the estimates from the pro- 
bit model and include it ın Equation 2. The Mills lambda 
accounts for systematic differences between firms that rec- 
ognize the value of brands and those that do not. 


Selection equation. The dependent variable equals 1 if 
an acquirer recognizes the value of acquired brands on its 
balance sheet and 0 if the acquirer does not recognize the 
value of brands. As indicated in the previous subsection on 
control variables, we include acquirer firm leverage and 
financing considerations to account for a firm's possible 
over- or underestimation of the value of acquired intangible 
assets in financial reporting (Muller 1999). We include the 
marketing and technology emphasis of the acquirer firm as 
predictors of brand value recognition. Firms with a market- 
ing emphasis are more likely to recognize the value of 
brands on their balance sheets. We also control for the target 
firm's industry type because acquirers are more likely to 
attribute value to brands from consumer industries than to 
brands from business-to-business industries. Formally, 


(1) Brand value recognition by the acquirer 
= Во + B; Acquirer leverage 
*- B;Acquirer financing considerations 
+ ВзАсашгег marketing emphasis 
+ B4Acquirer technology emphasis 
+ BsTarget industry type + BgAcquirer size + €. 
Model equation. In the second step of the Heckman pro- 
cedure, we estimate the following model: 
(2) Log (Target brand portfolio value) 
= Bo + Ву Acquirer marketing capability 
+ B,Acquirer brand portfolio diversity 
+ ВаТагвег marketing capability 
+ BaTarget brand portfolio diversity 
+ BSM&A strategy + ВеТагре! sales growth 
+ РОМА strategy x Acquirer brand portfolio diversity) 
+ Bg(M&A strategy x Target marketing capability) 
+ Bo(Target sales growth x Target marketing capability) 
+ BioTarget market share + В, Target firm value 
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+ Biz Target industry growth 

+ B,3Target industry demand risk 

+ Bi4Target industry competition 

+ В15 Тагре! industry type 

+ Bi ¢Acquirer leverage 

+ By7Acquirer financing considerations 


+ В.М + г. 


Results 


Descriptive Statistics 


On average, the magnitude of a target firm’s brand value 
accounts for 7.3% of the transaction value. Given the mag- 
nitude of these transactions (mean acquisition value is 
$2.16 billion), brands account for substantial portions of 
firm value. Because the correlations presented in Table 4 
аге not very large, multicollinearity is unlikely to be a con- 
cern in the analysis. 


Estimatlon Results 


We estimate Equations 1 and 2 using the Heckman proce- 
dure and report the results in Table 5. The Wald statistic 
suggests that the model is significant. The overall results 
indicate that both target and acquirer characteristics are 
important determinants of the financial value of a target 
firm's brands in an M&A. 

There is no established goodness-of-fit statistic pro- 
vided by the Heckman two-step procedure. We use Type П 
Tobit estimation to obtain an approximate statistic for the 
goodness of fit^ The likelihood ratio test suggests that the 
addition of main effects to the model with only controls 
improves fit significantly (y2(3) = 10.77, p < .05). Similarly, 
the full model with controls, main effects, and interactions 
has a better fit than the model with only main effects and 
controls (722) = 49.41, p < .01). 


Acquirer characteristics. We find support for Н; (В; = 
-012, p < .1). Acquirers with strong marketing capabilities 
attribute higher value to a target’s brand portfolio. This 
result corroborates the argument that an acquirer with 
strong marketing capability expects higher cash flows than 
an.acquirer with weak marketing capability. We find sup- 
port for H}. An acquirer’s brand portfolio diversity has a 
positive effect on a target’s brand value (B5 = .024, p < .01). 
Because this effect is conditional on the moderator, we 
compute the average effect of acquirer brand portfolio 
diversity after accounting for the interaction effects. The 





5We use the Type II Tobit model to assess goodness of fit 
because 1t also addresses the truncation in the dependent variable, 
albeit in a different manner. It also provides a log-likelihood statis- 
tic. We thank an anonymous reviewer for this suggestion We also 
assessed goodness of fit using ordinary least squares because the 
second step of the Heckman procedure uses a least square estima- 
tor. The results were similar to Tobit model results; namely, step- 
wise addition of main effects and interaction terms led to a signifi- 
cant increase in R-square. 


Variable 
Brand value 


Marketing 
capability 


Brand portfolio 
diversity 
M&A strategy 


Target firm sales 


growth 


Target firm 
market share 


Target Industry 
growth 


Target Industry 
demand risk 


Target industry 
competition 


Services 


Acquirer 
leverage 

Acquirer 
flnancing 


consideration 


Target firm value 


net of brand 
value 


TABLE 3 
Varlable Definitions, Measures, and Data Sources 


Definition 


The present value of Incremental future 
cash flows that accrue to a branded 
product 


A firm's ability to combine efficiently 
several marketing resources to engage in 
productive activity and attain marketing 
objectives (Dutta, Narasimhan, and Rajiv 
2005) 


The extent to which the firm prefers 
stand-alone brands to serve markets 


Whether or not M&A Is synergistic 


The extent to which the target flrm grows 


The target firm's average market share 
during the three-year perlodibefore the 
deal 


The extent to which demand іп the target 
flrm's industry grows 


The extent to which demand in a target 
firm's Industry reflects volatility 


The level of concentration in the target 
firm's Industry (e.g., Sharma and Kesner 
1996) 


The extent to which the target firm's 
Industry Is product versus service 
oriented. 


The extent to which the target firm Is able 
to finance its long-term debt (Muller 1999) 


The extent to which the firm needs to 
ralse capital in the short run (Muller 1999) 


Selectlon Equation Variables 


Acquirer 
marketing 
emphasis 


Acquirer 
technology 
emphasis 


Acquirer firm slze 


Consumer 


The extent to which the firm emphasizes 
marketing (Bharadwa], Bharadwaj, and 
Konsynski 1999) 


The extent to which the firm emphasizes 
research and development (Bharadwaj, 
Bharadwaj, and Konsynski 1999) 


The extent to which the target firm’s 


industry sells to end consumers versus 


firms. 


Measure? 


Dollar value of the target firm’s brands as 
reported by the acquirer firm 


Technical efficiency score from stochastic 
frontier estimation (Dutta, Narasimhan, 
and Rajiv 1999, 2005) 


Number of brands/number of categories 


Coded 1 if the target and the acquirer 
firms operate In the same four-digit SIC 
code and 0 if otherwise 


The average of three-period year-over- 
year sales growth 


Firm sales/total sales of four-digit SIC 
code 


The average of three-period year-over- 
year sales growth In the target firm's 
primary four-digit SIC code 


Coefficient of the variation of sales in the 
target firm's primary four-digit SIC code 


The sum of top-three market shares in 
target flrm's primary four-digit SIC code 


1 If target firm’s primary four-digit SIC 
code begins with 4—9 and 0 If otherwise 


Long-term debt, _ ;/Total assets, _ 1 
Short-term debt, _ ,/Total assets, _ 1 


Total purchase price net of brand value 
that the acquirer firm pays for the target 
firm 


Advertising spending; – ;/Salesy _ + 
R&D spending; _ ,/Sales; _ 1 


Number of employees, _ 1 


1 If tho four-digit SIC industry that the 

target firm operates їп pnmarily sells 

directly to end consumers and O if the 
Industry sells primarily to flrms 


aThe subscript "" refers to the firm, and “t refers to the effective year of the transaction. 


Data Source 
SEC fillngs 


COMPUSTAT, 
NBER patent 
database 


USPTO, 
COMPUSTAT 


COMPUSTAT 


COMPUSTAT 


COMPUSTAT 


COMPUSTAT 


COMPUSTAT 


COMPUSTAT 


COMPUSTAT 


COMPUSTAT 


COMPUSTAT 


SEC filings 


COMPUSTAT 


COMPUSTAT 


COMPUSTAT 
COMPUSTAT 
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TABLE 5 
Main Model Results 


Main Equation: Dependent Variable = Log(Target Brand Portfolio Value) 


Independent Variables 
Intercept 
Acquirer marketing capability 
Acquirer brand portfolio diversity 
Target marketing capability 
Target brand portfolio diversity 


Moderators 
M&A strategy 
Target sales growth 


Interactions 
M&A strategy x acquirer portfolio diversity 
M&A strategy x target marketing capabllity 
Target firm sales growth x target marketing capability 


Controls 
Target market share 
Target firm value net of brand value 
Target industry concentration 
Target industry growth 
Target industry demand risk 
Services 
Acquirer leverage 
Acquirer financing considerations 
Mills lambda 


n 
Wald x2 (d.f. = 19) 


Expected Sign Estlmate SE Significance 
—1.374 1.835 
+ 012 006 Б 

+ .024 .008 pe 
+ .016 .007 ied 
+ .035 .013 2 
2.096 .868 S 
1.073 .530 a 
- — 048 .018 bis 
- —.021 .011 hi 
+ —.022 .007 7 
3.623 1.542 e 
.819 .077 ај 

549 .670 

1.548 1.209 
—2.500 1.467 * 

.064 .243 

.906 .905 

4.117 6.718 
—1.885 .862 ХА 

133 
255.77*** 


АА 


*p < Л (two-tailed test). 
**p « .05 (two-talled test). 
***p « .01 (two-tailed test). 


unconditional effect remains positive (Bunconditional = -001).6 
Acquirers with highly diverse brand portfolios attribute 
higher value to the target firm’s brand portfolio. 


Target characteristics. We find support for H3. A tar- 
get’s marketing capability has a positive effect on its brand 
portfolio value (B4 = .016, p < .05). The unconditional 
effect of target marketing capability is also greater than zero 
(Bunconditonal = -017). The significance of this finding is 
compounded because we control for the target firm’s mar- 
ket share. If target firms are interested in increasing the 
value of their brands in an M&A, it is not enough just to 
pursue market share; target firms also must build marketing 
capabilities. We find support for H4. Acquirers attribute 
higher value to target brand portfolios that are highly 
diverse (Ва = .035, р < .01). This finding supports the argu- 
ment that diverse brand portfolios provide flexibility to 
acquirers with respect to strategic options that allow access 
to greater cash flow. 








6We use the following formula to compute the unconditional 
effect of acquirer brand portfolio diversity on target brand port- 
folio value: Bunconditional = В2 X P1 + P2 x (B2 + By), where P, is the 
proportion of observations that represent nonsynergistic transac- 
tions and P, is the proportion of observations that represent syner- 
gistic transactions. 


M&A strategy and acquirer brand portfolio diversity. 
We find support for Н; (B; = —048, р < .05). When the 
M&A strategy is synergistic in nature, the impact of an 
acquirer’s brand portfolio diversity on a target’s brand value 
is lower. This result corroborates the argument that because 
of redundancy among brand portfolios, acquirers with 
diverse brand portfolios are more likely to divest more of 
the target firm’s brands than acquirers with less diverse 
brand portfolios and consequently will have lower cash 
flow expectations from the target’s brands. 


M&A strategy and target marketing capability. We find 
support for Hg (Bg = —021, p < .1). The impact of a target's 
marketing capability on its brand portfolio value is lower 
when M&A strategy is synergistic in nature. This result 
suggests that an acquirer operating in the same industry as 
the target places a lower premium on the target firm's mar- 
keting capability. 

Target sales growth and marketing capability. We find 
that there is a negative interaction between the target's sales 
growth and its marketing capability (Во = -.022, p < .01). 
When a target firm achieves high levels of sales growth, the 
impact of its marketing capability on its brand value is 
lower. Acquirer firms appear to place a premium on growth 
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even if the target firm does not have strong marketing capa- 
bilities (cf. Graham, Harvey, and Raj gopal 2005). 

Selection equation. Several variables included in the 
models reflect a significant association with acquired brand 
value recognition. We find that an acquirer's marketing 
emphasis increases its likelihood of recognizing the value 
of acquired brands on the balance sheet (Вз = 3.99, p < .01). 
It is not surprising for firms that focus more on marketing to 
form cash flow expectations from market-based assets (see 
Table 6). The results confirm the findings in accounting lit- 
erature in which acquirer financing considerations and 
acquirer firm size are significant predictors of brand value 
recognition (e.g., Mueller 1999). 


Robusiness Checks 


Model specification. We used two alternative model . 


specifications to test the robustness of our results. First, 
instead of target brand portfolio value, we use the ratio of 
brand value divided by firm value as the dependent variable. 
The significance patterns are robust to this specification. 
Second, instead of total firm value, we use acquisition pre- 
mium as a predictor. Following Beckman and Haunschild 
(2002), we compute the acquisition premium as the price 
the acquirer pays above the market price of the target firm. 
The significance patterns are robust to this specification as 
well. 

We also added other independent variables to check the 
stability of the results. We included the acquirer's cash/total 
assets, the acquirer's tax/total assets, and the acquirer's 
basic earnings per share to the main model. We added the 
acquirer's cash assets to control for the acquirer's resource 
availability to support the acquired brands. We included the 
acquirer's tax and basic earnings per share to control for the 
acquirer's incentive to manipulate the reported value of 
brands. Inclusion of these additional variables did not 
change any of the reported results.? 





7We thank the reviewers for suggesting the additional control 
variables. 


TABLE 6 
Selection Equation Results 
SS QR MER SEC AD CSS nU CER EE 
Selection Equation: Dependent Variable = Acquirer 
Firm’s Decision to Recognize Brand Value 


Independent 
Varlables Estlmate SE Significance 
Intercept .036 .133 
Acquirer leverage 511 491 
Acquirer financing 

considerations 8.048 3.890 i 
Acqulrer marketing 

emphasis 3.993 1.429 TS 
Acquirer research-and- 

development emphasls —1.517 .506 ES 
Acquirer firm size —.004 .001 * 
Consumer .013 .204 
n 268 


*p < .05 (two-tailed test). 
**p < .01 (two-tailed test). 
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Measurement. In our previous analysis, we used a 
dummy variable to categorize M&A strategies into two 
groups: synergistic and nonsynergistic. Following Beckman 
and Haunschild (2002), we tried a continuous measure of 
M&A strategy to capture the level of synergy between 
firms, assigning a score of four when the target and the 
acquirer operated in the same four-digit SIC industry, a 
score of three when the target and the acquirer operated 1n 
the same three-digit SIC industry, and so forth. The signifi- 
cance patterns of the results are robust to the measurement 
of synergy. 

Endogeneity. We tested the potential endogeneity of 
acquirer brand portfolio diversity. There are no established 
instruments for brand portfolio strategies. Empirical find- 
ings suggest that the level of marketing spending tends to be 
substantially different for corporate and house-of-brands 
strategies (e.g., Morgan and Rego 2006; Smith and Park 
1992). Thus, we use selling and administrative expenses as 
an instrument in the test. The Hausman test fails to reject 
the null hypothesis that parameters of exogenous and 
endogenous models are statistically the same (x2(18) = 
7.73). Consequently, we do not believe that endogeneity is 
an issue. 


Discussion 


Summary of Findings 


The objective of this research is to examine the impact of 
target and acquirer characteristics on target brand portfolio 
value in M&As. The results support the argument that both 
acquirer and target characteristics are important in deter- 
mining the value attributed to the target firm's brands. We 
observe that the acquirer firm's marketing capability and 
brand portfolio diversity have positive effects on the finan- 
cial value of the target firm's brand portfolio value. As we 
hypothesized, a target firm's marketing capabilities and its 
brand portfolio diversity also have a positive impact on the 
value of the target firm's brands. 

We also examined the contingent role of M&A strategy 
and target sales growth on a subset of proposed main 
effects. The post hoc analysis of the interactions illustrates 
the moderating role of these variables. We observe that the 
impact of acquirer brand portfolio diversity on target brand 
value is lower in synergistic M&As than in nonsynergistic 
М&Аз. As Figure 1 illustrates, when the M&A strategy is 
synergistic, the value of a target firm's brands decreases as 
the acquirer's brand portfolio diversity increases. On aver- 
age, the value attributed to a target's brands decreased by 
43.22% (from $163.8 million to $93 million).8 This finding 
corroborates the argument that synergistic acquisitions cre- 
ate redundancies between acquirer and target brand port- 
folios when the acquirer brand portfolio diversity is high. 
Conversely, in nonsynergistic M&As, the value attributed to 





Тре "high" and “low” cases in the figures are generated by set- 
ting the main effect of interest (e.g., acquirer portfolio diversity) to 
+/— one standard deviation from its mean. A similar procedure is 
used if the moderator is a continuous variable. The other variables 
are set at their mean values. 


а target's brands increased by 76.11% (ie., from $20.1 
milion to $35.5 million) when acquirer brand portfolio 
diversity changed from low to high. 

We also test the moderating role of M&A strategy on 
the relationship between target marketing capability and 
target brand value. The impact of target marketing capabil- 
ity on target brand value is lower in synergistic M&As than 
in nonsynergistic M&As. As Figure 2 shows, when the 
M&A strategy is synergistic, the value of target brands 
decreases as target marketing capability increases. The 
average reduction in value placed on the target's brands was 
20.48% (from $125.1 million to $99.5 million). This find- 
ing suggests that the acquirer operating in the same industry 
as the target places a lower premium on the target's market- 
Ing capabilities as a result of redundancy between the 
acquirer's and the target's marketing capabilities. However, 
in nonsynergistic M&As, the average increase in value 
attributed to the target's brands was 108.1695 (from $47.7 
million to $99.4 milhon) when the marketing capability 
increased from low to high. 

Finally, as Figure 3 shows, we observe that the impact 
of target marketing capability on target brand value is lower 
when target sales growth is high (one standard deviation 
above the mean). This finding corroborates the argument 
that in the presence of high sales growth, executives of 
acquirer firms pay less attention to the target's marketing 
capabilities that are likely to affect brand value in the long 
run. Alternatively, acquirer firms may put a premium on 
tangibility. In real terms, when sales growth was high, the 
decrease in value attributed to the target's brands was 
13.05% (from $30.7 million to $26.7 million) as the target 
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marketing capability moved from low to high. Similarly, in 
real terms, when sales growth was low, the increase in value 
attributed to the target's brands was 108% (from $33.8 
million to $70.5 million) as the target marketing capability 
increased from low to high. The sales growth of target firms 
is visible and perhaps more certain and tangible than the 
potential of the target's marketing capability. 


Implications for Theory 


Financial value of brands. This study contributes to the 
literature on brand strategy by providing empirical evidence 
on the impact of acquirer characteristics on the financial 
value of brands. The literature on the financial value of 
brands in marketing does not address contexts in which the 
ownership of brands changes. Drawing on the RBV and the 
brand strategy literature, we introduce acquirer characteris- 
tics as a set of explanatory variables for understanding the 
financial value of brands in an M&A context. Two acquirer 
characteristics—namely, acquirer marketing capability and 
acquirer brand portfolio diversity—emerge as important 
predictors of the value attributed to a target firm’s brands. 
This finding underscores the relevance of acquirer/licensor 
characteristics as explanatory variables for the value of 
market-based assets in transaction contexts (e.g., licensing). 


Marketing strategy and financial outcomes. Recently, 
there have been calls for investigating the link between mar- 
keting actions and financial outcomes (e.g., Rust et al. 
2004). The findings of this study contribute to two research 
streams in the marketing strategy and financial outcomes 
domain. First, we contribute to the literature on marketing 
capabilities. We find that both target and acquirer firm mar- 
keting capabilities have positive effects on target firm brand 
value. The significant, positive relationship between acquirer 
marketing capability and target brand value has implica- 
tions across contexts in which market-based assets are 
objects of exchanges between the firms. The extant research 
on marketing capabilities has focused on establishing the 
link between marketing capabilities and firm performance 
within the boundaries of the organizations. However, when 
a market-based asset is subject to a transaction (e.g., a firm 
may license some of its brands to another firm), both buy- 
ers’ and sellers’ marketing capabilities should be incorpo- 
rated into theoretical models that focus on the value of the 
market-based assets. 


FIGURE 3 
Target Marketing Capability and Target Sales 
Growth Interaction 
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Second, we contribute to the literature on brand port- 
folio strategy. We find that the target firms with high brand 
portfolio diversity receive higher valuation for their brands 
by the acquirers. This finding underscores the significance 
of the context and of the evaluator. For example, Rao, Agar- 
wal, and Dahlhoff (2004) find that a corporate-brand strat- 
egy leads to higher Tobin's q than a house-of-brands strat- 
egy. They discuss that this finding may be explained by the 
investment community's inability to observe or understand 
the benefits of a house-of-brands strategy. In an M&A con- 
text, the acquirer firm's executives, rather than the invest- 
ment community, assess the value of the target firm's brand 
portfolio. Unlike the investment community, the acquirer 
firm's executives seem to put a premium on the presence of 
strategic options in a target's brand portfolio. This finding 
underscores the significance of information asymmetry 
between agents and principals (e.g., managers, investors) as 
a potentially fundamental explanatory mechanism for dif- 
ferences in expectations about marketing actions and finan- 
cial outcomes. 


Managerial Implications 


Our findings have managerial implications especially for 
firms planning to be involved in an M&A. Executives who 
are grooming their firms for a potential M&A transaction 
need to be cognizant of their potential acquirers' marketing 
capabilities and their brand portfolio strategies. They may 
seek acquirers with strong marketing capabilities and high 
brand portfolio diversity to obtain a higher price for their 
brands. However, if the potential buyer operates in the same 
industry as the target company, high brand portfolio diver- 
sity may lower the price because of potential redundancies 
between the brand portfolios of the two companies. 

Target firms need to recognize the significance of a 
firm's marketing capabilities and its brand portfolio diver- 
sity. Targets with strong marketing capabilities can negoti- 
ate higher prices for their brands because their marketing 
capabilities provide assurance to the acquirer firms in terms 
of the future performance of the brand portfolios. Targets 
with diverse brand portfolios can charge higher prices for 


their brands (or acquirers may have higher willingness to 
pay) because diverse portfolios provide strategic options for 
the acquirer. If a firm follows a single-brand strategy, it may 
consider limiting the number of businesses to which the 
brand is extended. After a certain threshold of extension, it 
may be better to use new brands. 


Limitations and Future Research Directions 


A limitation of the study is that it relies on cross-sectional 
data. We do not observe the change in the value of brands 
over time. For example, the ownership of the Snapple brand 
changed three times in a matter of seven years. At each 
transaction, a different value was attributed to the Snapple 
brand, providing evidence of both brand value creation and 
destruction. Further research could examine the factors that 
affect the change in value of a brand over time. In the case 
of Snapple, the ownership of the brand was transferred from 
private founders to a public firm to a private equity group to 
a public firm again. With the growing presence of private 
equity firms, it would be worthwhile to explore how the 
ownership structure affects the brand value. 

Further research could also examine the impact of fit 
between acquirer and target brand portfolios on brand 
value. This would likely require a multidimensional 
approach and disaggregate data because brand portfolios 
may show variability on various important dimensions, such 
as brand image and price positioning. For example, an 
acquirer may own brands that have hedonic images, 
whereas a target's brand portfolio may comprise brands 
with functional images. The (dis)similarity of the portfolios 
across various dimensions can be used to construct a fit 
measure to test the impact of fit on the value of the target's 
brands. 

Marketing researchers have largely ignored the impor- 
tance of signaling to the investment community (strategic 
acquirers, financial analysts, and individual investors). Our 
research foreshadows the role of marketing capabilities in 
influencing one aspect of a target firm's value. Further 
research could explore the value of customer and channel 
relationships in influencing a firm's acquisition value. 


—————————————————————— 
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Scott A. Thompson & Rajiv K. Sinha 


Brand Communities and New 
Product Adoption: The Influence and 
Limits of Oppositional Loyalty 


Brand communities have been cited for their potential not only to enhance the loyalty of members but also to 
engender a sense of oppositional loyalty toward competing brands. However, the impact of brand community 
membership on actual new product adoption behavior has yet to be explored. This study examines the effects of 
brand community participation and membership duration on the adoption of new products from opposing brands 
as well as from the preferred brand. Longitudinal data were collected on the participation behavior, membership 
duration, and adoption behavior of 7506 members spanning four brand communities and two product categories. 
Using a hazard modeling approach, the authors find that higher levels of participation and longer-term membership 
in а brand community not only increase the likelihood of adopting a new product from the preferred brand but also 
decrease the likelihood of adopting new products from opposing brands. However, such oppositional loyalty is 
contingent on whether a competitor's new product is the first to market. Furthermore, in the case of overlapping 
memberships, higher levels of participation in a brand community may actually increase the likelihood of adopting 
products from rival brands. This finding is both surprising and disconcerting because marketing managers usually 
do not know which other memberships their brand community members possess. The authors discuss how 
managers can enhance the impact of their brand community on the adoption of the company's new products while 


limiting the impact of opposing brand communities. 


Keywords; brand community, brand loyalty, oppositional loyalty, adoption, new products 


rand communities have been touted as a possible 

path to “the Holy Grail of brand loyalty" 

(McAlexander, Schouten, and Koenig 2002, p. 38). 
A growing list of companies, including Chrysler, Saturn, 
and Apple, has dedicated marketing resources to encourage 
customers to join and participate in such communities in the 
hope that this will influence adoption behavior. For exam- 
ple, Apple actively supports the formation of customer-run 
Macintosh user groups. Although these groups are founded 
by volunteers and enthusiasts, the company encourages cus- 
tomers to join and participate in them through the Apple 
Web site, in mailings to registered customers, and by host- 
ing events at conferences, such as MacWorld. By encourag- 
ing customers to join this community, Apple hopes to foster 
greater loyalty among its customers and thus enhance its 
bottom line. 

These investments are being made because of the belief 
that brand communities can influence adoption behavior in 
two ways. First, membership and participation in a brand 
community have been found to engender a sense of loyalty 
among members. The hope is that this loyalty will benefit 
the company by increasing the likelihood that members will 
purchase the company's products in the future. Second, 
membership and participation in brand communities have 
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been found to create a sense of “oppositional loyalty" 
(Muniz and Hamer 2001; Muniz and O'Guinn 2001). This 
oppositional loyalty leads members of the community to 
take an adversarial view of competing brands. Such opposi- 
tional loyalty may benefit companies by reducing the likeli- 
hood that members will purchase products from competing 
brands. 

If brand communities can deliver on their promise, the 
implications for the adoption and diffusion of new products 
are profound. Companies that succeed in getting customers 
to join and participate 1n their brand community can enjoy 
significant advantages over rivals. For example, the resul- 
tant increase in the likelihood of purchasing the company's 
new products would lead to faster rates of adoption among 
existing customers. Furthermore, the oppositional loyalty 
created by membership and participation could slow the 
rate of adoption of competing products and reduce the abil- 
ity of competitors to gain an advantage in market share by 
being first to market. Finally, the presence of large numbers 
of customers who are reluctant to adopt competing products 
could serve as a deterrent to entry by potential competitors. 
Indeed, if brand communities reduce the likelihood of 
adopting competing products, the outlook for competitors is 
grim. However, there is little research directly linking brand 
community membership to actual adoption behavior. Thus, 
whether and how brand community membership and par- 
ticipation affect adoption behavior remains an open 
question. 

This study contributes to both the product adoption and 
the brand community literature. First, we examine the 
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impact of brand community participation and membership 
duration on the likelihood of adopting a product from the 
preferred brand as well as the competing brand. Second, 
and more important, we identify limiting conditions on 
these relationships. Specifically, we show that the expected 
relationships between adoption and either participation or 
membership duration do not hold when a comparable prod- 
uct is unavailable from the preferred brand. Third, we 
examine the impact of multiple brand community member- 
ships on the adoption of products from preferred and rival 
brands. As McAlexander, Schouten, and Koenig (2002, p. 
40) note, "Scholars of brand community often neglect the 
effects of multiple community memberships. Interesting 
questions arise when the possibility of interlocking commu- 
nity ties is recognized" In this study, we directly examine 
how participation in multiple brand communities devoted to 
competing products alters the relationship between partici- 
pation and adoption behavior. 

Our results confirm that participation and membership 
duration in a brand community influence the adoption of 
products from both the preferred brand and the competing 
brands. More important, we find that that there are limits to 
oppositional loyalty. Indeed, under certain conditions, 
higher levels of participation may actually increase the like- 
lihood of adopting products from competing brands. This 
surprising finding suggests that there are conditions under 
which efforts to foster participation in a brand community 
can backfire and unintentionally benefit rivals. In addition, 
the results suggest possible strategies that managers can 
employ to blunt the detrimental impact of competitors’ 
brand communities. 

We organize the remainder of this article as follows: We 
begin with a brief review of the brand community literature. 
Next, we consider how brand communities affect adoption 
behavior, and we develop our hypotheses. In the subsequent 
section, we describe the study context and data collection 
methods. We then discuss the hazard modeling approach 
used to analyze the data, and we present the results. We 
conclude with a discussion of these results and their mana- 
gerial implications. 


The Nature of Brand Community 


Muniz and O'Guinn (2001, p. 412) define a brand commu- 
nity as "a specialized, non-geographically bound commu- 
nity, based on a structured set of social relationships among 
admirers of a brand.” Brand communities are composed of 
people who possess a social identification with others who 
share their interest in a particular brand (Algesheimer, Dho- 
lakia, and Herrmann 2005; McAlexander, Schouten, and 
Koenig 2002). In turn, this social identification with other 
users leads to behavior that is consistent with the three char- 
acteristics of а community: consciousness of kind, rituals 
and traditions, and a sense of moral responsibility (Muniz 
and O'Guinn 2001). Muniz and O'Guinn define conscious- 
ness of kind as “Ше intrinsic connection that members feel 
toward one another, and the collective sense of difference 
from others not in the community" (p. 413). It leads to a 
sense that users of a particular brand are somehow different 
and distinct from users of a competing brand. Rituals and 
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traditions may include sharing stories about using the prod- 
uct, recounting the brand's history, displaying old logos, or 
greeting fellow brand users in particular ways. Finally, a 
sense of moral responsibility leads to community-oriented 
actions, such as sharing information about products offered 
by the brand and encouraging fellow members to remain 
loyal to the brand and community. 

Because they are nongeographic, brand communities 
can exist anywhere or even virtually. Brand communities 
may take the form of local clubs based on direct interaction 
(Algesheimer, Dholakia, and Herrmann 2005), or they may 
exist entirely on the Internet (Granitz and Ward 1996; 
Kozinets 1997; Muniz and Schau 2005). Furthermore, 
brand communities may be based on a wide array of prod- 
ucts, including cars, motorcycles, and computers (Alges- 
heimer, Dhoiakia, and Herrmann 2005; Belk and Tumbat 
2002; McAlexander, Schouten, and Koenig 2002; Muniz 
and O'Guinn 2001; Schouten and McAlexander 1995). 
Brand communities have also been documented for such 
mundane products as television series (Kozinets 2001; 
Schau and Muniz 2004), movies (Brown, Kozinets, and 
Sherry 2003), personal digital assistants (Muniz and Schau 
2005), and even soft drinks and car tires (Muniz and 
O'Guinn 2001). 

А key characteristic of brand communities is the general 
absence of barriers to membership (Muniz and O'Guinn 
2001). People can purchase the brand and join the commu- 
nity without prior approval. As a result, they may be 
members of multiple, overlapping communities, even 
within the same product category. For example, a consumer 
could own two car brands and actively participate in online 
communities dedicated to both brands, providing assistance 
to fellow owners and seeking information on other vehicles 
being released under each brand. Indeed, in many product 
categories, it is not uncommon for consurners to own multi- 
ple brands of the same product. However, the impact of 
overlapping memberships has yet to be examined (McAlex- 
ander, Schouten, and Koenig 2002). 


Brand Communities, Adoption, and 
Oppositional Loyalty 


Research has shown that brand communities clearly influ- 
ence their members. Members of brand communities 
develop a social identification with the community, which 
has been shown to influence word-of-mouth behavior and 
purchase intentions (Algesheimer, Dholakia, and Herrmann 
2005). In addition, members experience normative pressure 
to remain loyal to the brand and the community 
(Algesheimer, Dholakia, and Herrmann 2005; Muniz and 
O'Guinn 2001). Finally, members rely on the brand com- 
munity as an important source of product information 
(Muniz and O'Guinn 2001). However, the impact of brand 
community participation on actual adoption behavior has 
not been directly examined. 


Participation in Brand Communities and Adoption 


Prior research has shown that information and word of 
mouth play a critical role in the adoption and diffusion of 


new products (Mahajan, Muller, and Bass 1995; Rogers 
2003). Specifically, research on diffusion theory suggests 
that social systems and communication channels influence 
the adoption of products by shaping the information to 
which people are exposed (Gatignon and Robertson 1985; 
Rogers 2003). From the perspective of diffusion theory, 
brand communities can be viewed as both social systems 
composed of members and communication channels 
through which information about new products is transmit- 
ted. As a result, brand communities have the potential to 
alter members' adoption behavior by selectively exposing 
them to information about new products offered by compet- 
ing brands as well as the preferred brand. 

In addition to exposure to information, the literature on 
brand communities has found that members develop a 
social identification based on the community (Algesheimer, 
Dholakia, and Herrmann 2005). The literature on social 
identity has found that people tend to define themselves 
according to their group memberships (Hogg and Abrams 
2003). Furthermore, membership in even trivial or minimal 
groups has been shown to produce social identification, 
which in turn produces measurable in-group bias (e.g. 
Diehl 1990; Tajfel 1970). As a result, members tend to 
evaluate the in-group more favorably and the out-group 
more negatively (Hogg and Abrams 2003). In the case of 
brand communities, membership may lead people to evalu- 
ate products from the preferred brand and competing brands 
differently, thus altering their willingness to adopt them. As 
Brown (2000, p. 747) concludes, 


From Sumner’s (1906) anecdotal observations to Mullen, 
Brown, and Smith's (1992) more formal compilation and 
analysis, it 15 by now а common-place that group mem- 
bers are prone to think that their own group (and its prod- 
ucts) are superior to other groups (and theirs), and to be 
rather ready behaviorally to discriminate between them as 
well. 


Therefore, the combined impact of exposure to information 
and social identification provides a basis for understanding 
how membership and participation in brand communities 
may alter adoption behavior when members are confronted 
with products from their preferred brand and competing 
brands. Specifically, higher levels of participation in a brand 
community lead to a member being exposed to more infor- 
mation about the merits and uses of the preferred brand. 
Furthermore, diffusion theory suggests that exposure to 
such information enhances the likelihood of adoption 
(Rogers 2003). As a result, diffusion theory suggests that 
higher levels of participation in a brand community should 
lead to greater knowledge about products from the preferred 
brand and a greater likelihood of adopting such products. 
In addition, the social identification that members 
develop with the brand community may alter adoption 
behavior. Prior research on social identification has found 
that participation with the related social group enhances the 
strength of the identification through various mechanisms 
(Brauer and Judd 1996; Hogg and Abrams 2003). This lit- 
erature has found that social identities, even weak ones, 
give rise to in-group bias and more favorable assessments of 
members’ own group and its products. In the context of 


brand communities, this suggests that higher levels of par- 
ticipation will increase in-group bias toward the preferred 
brand and therefore increase the likelihood of adopting a 
new product from the preferred brand. 


Information, Social Identity, and Oppositional 
Loyalty 


Prior research on brand communities indicates that mem- 
bers of a brand community tend to avoid discussing the 
merits and use of products from rival brands in favor of 
products from the preferred brand (Muniz and O’Guinn 
2001). Instead, members of brand communities tend to 
emphasize the merits of products from the preferred brand 
and focus on disparaging information about products from 
rival brands. As a result, members of a brand community 
are exposed to less information about the merits of new 
products from competing brands because of their emphasis 
on the merits and uses of products from the preferred brand. 
Diffusion theory suggests that the likelihood that people 
who have not purchased a new product up to a specific time 
will do so at that time depends on the amount and form of 
the information available to them about the existence, qual- 
ity, and value of the new product (Horsky and Simon 1983). 
Thus, the lack of such information reduces the likelihood of 
adopting a new product from a competing brand, giving rise 
to oppositional loyalty in adoption behavior. 

Furthermore, social identification may lead to opposi- 
tional loyalty when adopting products from rival brands. 
Social identity has been shown to produce out-group bias in 
the form of more negative evaluations of rival groups and 
their products (Brown 2000; Hogg and Abrams 2003). 
Notably, social identification produces such bias only when 
a relevant target for comparison is available (Hogg and 
Abrams 2003). In the case of new products, this process 
would involve comparing the new product from the pre- 
ferred (or rival) brand with equivalent products from the 
rival (or preferred) brand. Because participation strengthens 
social identity, higher levels of participation enhance the 
negative bias toward comparable products from other 
brands in terms of the type of information discussed and 
attitudes toward the products. In turn, this negative out- 
group bias should increase oppositional loyalty and lead to 
a reduced likelihood that a member will adopt a new prod- 
uct from a competing brand, given the presence of a compa- 
rable product from the preferred brand. 


The Role of Competing Products in Oppositional 
Loyalty 


The preceding discussion is consistent with the conven- 
tional wisdom on how participation in brand communities 
influences new product adoption behavior. However, tbis- 
conventional wisdom rests on an unstated but critical 
assumption. Specifically, the brand community literature 
implicitly assumes that comparable products are available 
from both the preferred brand and competing brands. In this 
case, members of brand communities are expected to show 
loyalty toward the product from their preferred brand and 
oppositional loyalty toward products from competing 
brands. However, when a competing brand is first to market 
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with a new product, the impact of participation on adoption 
behavior is not as clear. 

On the one hand, members may rely on general percep- 
tions of the rival brand based on oppositional loyalty to 
make decisions in the absence of their preferred brand. 
Indeed, oppositional loyalty may be intensified by the exis- 
tence of products from rivals that represent a threat to the 
preferred brand (Muniz and O'Guinn 2001). In addition, 
members of a brand community may anticipate the future 
release of a comparable product from their preferred 
brand.! As a result, they may elect to wait for their brand's 
future product and thus avoid adopting the first-to-market 
product from the rival brand. This would reduce the likeli- 
hood of adopting the competing brand, consistent with the 
standard view of brand community participation and орро- 
sitional loyalty. 

On the other hand, the social identity literature has 
found that social identities produce bias only when there is 
a relevant group or product with which to make compari- 
sons (Brown 2000; Hogg and Abrams 2003). Thus, there 
should be no social identity-based bias against a first-to- 
market product, and participation should not reduce the 
likelihood of adopting a first-to-market product from a 
competing brand. As a result, counter to the standard view, 
the absence of a comparable product from the preferred 
brand should inhibit oppositional loyalty. 

In the same vein, diffusion theory also argues that oppo- 
sitional loyalty may be inhibited in the absence of a compa- 
rable product from the preferred brand. Specifically, when 
there is no comparable product available from the preferred 
brand, discussing the merits of the new type of product 
effectively requires members to share information about the 
use and merits of the rival product (Horsky and Simon 
1983; Johnson 1986). Therefore, to the degree to which the 
uses and merits of the new product are discussed, it will 
increase members’ knowledge of the uses and merits of the 
rival product and inhibit oppositional loyalty (Rogers 2003; 
Van den Bulte and Stremersch 2004). 

Hy, Ho, and Нз summarize the predicted relationship 
between participation in a brand community and adoption 
behavior based on the preceding discussion. Specifically, 
they state that higher levels of participation lead to a 
reduced likelihood of adopting new products from rivals, 
consistent with conventional wisdom, but only when a com- 
parable product is available from the preferred brand. As a 
result, if a rival brand is first to market, the level of partici- 
pation will not influence the likelihood of adoption. This 
represents a significant limiting condition on oppositional 
loyalty. However, whereas oppositional loyalty in purchase 
behavior is conditional on the presence of a comparable 
product, loyalty in purchase behavior is not. In other words, 
when the preferred brand is first to market, higher levels of 
participation will lead to an increased likelihood of adopt- 
ing that new product. 

Hı: When products from both the preferred and the rival 


brands are available, higher levels of participation in a 
brand community (a) increase the likelihood of adopting a 





1We thank the anonymous reviewers for these insights. 
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new product from that brand and (b) decrease the likeli- 
hood of adopting a new product from a competing brand. 

: When the preferred brand is first to market with a new 
product, higher levels of participation in a brand commu- 
nity increase the likelihood of adopting the new product. 

: When a competing brand is first to market with a new 
product, higher levels of participation in a brand commu- 
nity do not alter the likelihood of adopting the new 
product. 


H 


> 


H 


о 


Membership Duration, Adoption, and 
Oppositional Loyalty 


Members of a brand community may differ not only in how 
often they interact with fellow members but also in how 
long they have been members of the community. For exam- 
ple, highly social people may participate frequently with 
fellow members, even though they have only recently 
joined the community. Conversely, some long-term mem- 
bers may prefer to listen to the discussions of other mem- 
bers without directly participating themselves. 

Prior research has found that longer duration member- 
ship in a group strengthens the social identification of mem- 
bers with the group (Bhattacharya, Rao, and Glynn 1995; 
Mael and Ashforth 1992). Indeed, Muniz and O'Guinn 
(2001) find that long-term members tend to enjoy higher 
status within the brand community and that their claims to 
membership are regarded as more legitimate. Therefore, 
longer-term membership in a brand community should lead 
to a stronger social identification with that brand commu- 
nity. Because social identification produces in-group bias in 
favor of the group and its products, longer-term member- 
ship should increase the likelihood of adopting new prod- 
ucts from the preferred brand. 

Although longer-term membership should enhance the 
likelihood of adopting a new product from the preferred 
brand, it should have the opposite effect for new products 
from competing brands, given the presence of comparable 
products. Brand community members tend to avoid dis- 
cussing the merits of competing products in favor of com- 
parable products from the preferred brand. Therefore, 
longer-term membership in a brand community will not 
enhance members’ knowledge of the benefits of new prod- 
ucts from competing brands when there is a comparable 
product from the preferred brand. 

Finally, because longer-term membership enhances 
social identification, these members should possess a higher 
degree of out-group bias against products from competing 
brands. As with participation, this out-group bias should 
lead to oppositional loyalty in the form of a reduced likeli- 
hood of adopting a new product from a competing brand, 
given the availability of a comparable product. Therefore, if 
comparable products from both the preferred brand and the 
rival brand exist, longer-term members of a brand commu- 
nity should be less likely to adopt new products from com- 
peting brands. 

However, what happens when the competing brand is 
first to market with a new product? As we discussed previ- 
ously, when a rival brand is first to market, discussing the 
merits of a new type of product involves members sharing 
information about the use and merits of the rival product. 


As a result, longer-term members will be exposed to more 
information about the merits of a rival's first-to-market 
product, which in turn should inhibit oppositional loyalty. 
In addition, because social identification requires a relevant 
comparison group or product to produce bias, longer-term 
members who possess stronger social identities may 
nonetheless fail to show bias against rival products that are 
first to market (Brown 2000; Hogg and Abrams 2003). In 
the absence of such bias, membership duration should not 
influence the likelihood of adopting a first-to-market prod- 
uct from a competing brand. As a result, longer-term mem- 
bership should not lead to oppositional loyalty in purchase 
behavior when rival brands are first to market with a new 
product. This constitutes a significant limiting condition on 
the relationship between membership duration and opposi- 
tional loyalty. 

Но, Hs, and Hg summarize the predicted relationships 
between the length of membership in a brand community 
and adoption behavior. As with participation, longer-term 
membership is hypothesized to lead to a reduced likelihood 
of adopting new products from rivals but only when a com- 
parable product is available from the preferred brand. In the 
absence of a comparable product from the preferred brand, 
membership duration will not influence the likelihood of 
adopting a new product from a rival brand, counter to the 
predictions of the brand community literature. Conversely, 
whereas oppositional loyalty in purchase behavior is condi- 
tional on the presence of a comparable product, loyalty in 
purchase behavior is not. Therefore, when the preferred 
brand ıs first to market, longer-term membership will lead 
to an increased likelihood of adopting that new product. 


H4: When products from both the preferred and the rival 
brands are available, longer-term membership in a brand 
community (a) increases the likelihood of adopting a new 
product from that brand and (b) decreases the likelihood 
of adopting a new product from a competing brand. 

Hs: When the preferred brand is first to market with a new 
product, longer-term membership in a brand community 
increases the likelihood of adopting the new product. 

Hg: When a competing brand is first to market with a new 
product, longer-term membership 1n a brand community 
does not alter the likelihood of adopting the new product 


Overlapping Memberships and Adoption 
Behavior 


McAlexander, Schouten, and Koenig (2002) note that 
people may have multiple community memberships. 
Indeed, in some product categories, such as automobiles, 
this may be common. However, the consequences of over- 
lapping memberships in multiple brand communities have 
not been explored in the literature. From the perspective of 
diffusion theory, memberships in multiple brand communi- 
ties would lead to a person being exposed to more informa- 
tion about a broader array of brands and related products. 
Thus, the probability of adopting new products should 
increase for new products from multiple competing brands. 

In addition, the social identity literature recognizes that 
people possess many social identities (Brown 2000). In the 
case of rival or competing groups, overlapping member- 
ships can lead to a common in-group social identity (Anas- 


tasio et al. 1997; Gaertner et al. 1993; Gaertner et al. 1989). 
Under these conditions, a person will regard both groups as 
in-groups. As a result, overlapping memberships forestall 
out-group biases and the negative attitudes associated with 
them. In the case of rival brand communities, overlapping 
membership would preclude out-group biases toward either 
community, and such a member should not evidence oppo- 
sitional loyalty toward either community. Paradoxically, 
this suggests that in the presence of such overlap, higher 
levels of participation in a given brand community could 
actually increase the likelihood of adopting a new product 
from a competing brand. 


Ну: In the presence of overlapping participation across brand 
communities within a product category, higher levels of 
participation in a given brand community increase the 
likelihood of adopting a new product from the rival brand. 


Study Context 


Consistent with prior studies, we examine brand communi- 
ties using data collected from online forums dedicated to 
specific brands. We extend this literature by collecting and 
analyzing data on actual participation and membership 
behavior across and within multiple competing brand com- 
munities. In addition, we gather data on the adoption of a 
specific new product by members of competing brand com- 
munities. Thus, we are able to examine the relationships 
between community-related behavior and adoption behav- 
ior within and across competing brand communities. This 
unique approach enables us to address unexplored questions 
related to loyalty, oppositional loyalty, the role of compet- 
ing products, and overlapping memberships in multiple 
brand communities. 

Specifically, we collected data from two dominant 
brands in two product categories. The first product category 
was x86 microprocessors. This product category was domi- 
nated by two competitors, Intel and AMD, which accounted 
for 98.696 of the sales in this market as of the first quarter 
of 2005 (Krazit 2005). The second category was discrete 
three-dimensional (3D) video cards. This market was also 
dominated by two competitors, ATI and NVIDIA, which 
accounted for more than 98.1% of sales as of the first quar- 
ter of 2006 (Shilov 2006). In addition, we collected data 
from two general product category forums: a General Hard- 
ware forum and a Video Cards forum. This enabled us to 
compare the impact of participation in non-brand-based 
forums with participation in brand-specific forums. 


Evidence of Community 


An examination of the messages posted in each of the four 
brand-specific forums revealed behavior consistent with 
previous studies, which have identified such forums as 
homes to brand communities (Algesheimer, Dholakia, and 
Herrmann 2005; Muniz and O'Guinn 2001; Muniz and 
Schau 2005). There is clear evidence of a consciousness of 
kind among the members of the four forums. For example, 
members of each group frequently and publicly assert their 
allegiance to the brand and express their enthusiasm for the 
related products. One AMD member flatly stated, “I will 
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never ever touch Intel in my life unless it was a life and 
death situation." 

Furthermore, members of the rival forum are viewed as 
outsiders and are even treated with open hostility. One Intel 
member posting in the Intel forum complained about the 
reception he received in the AMD forum: "Take a look at 
how sad some of these AMD users are in that some of them 
have to resort to personal attacks against me even to the 
point of new threads calling me out trying to get me to 
argue more all because I was providing facts and informa- 
tion they didn't like" This creates some curious double 
standards in the discussions. For example, members of the 
ATI forum proudly refer to themselves as "fan boys" of 
ATI. However, referring to someone as a "fan boy" of 
NVIDIA in the ATI forum is a serious insult that is often 
used to discredit the views of another user. This same dou- 
ble standard exists in the Intel and AMD forums. 

Muniz and O'Guinn (2001) note that a person's need to 
establish his or her legitimacy and that of others as mem- 
bers of the community is an important aspect of conscious- 
ness of kind. In these four groups, legitimacy is a significant 
concern. Users frequently point out which products they 
own and even append lists of products to each message they 
post in the form of "signatures." Indeed, before criticizing 
any aspect of the brand's products, it is common for mem- 
bers first to state their loyalty to the brand and point out the 
various products they own to ensure that they are not mis- 
taken for a member of the rival brand's community. In addi- 
tion, the users' signatures play an important role in estab- 
lishing legitimacy, with users frequently pointing to their 
signatures as proof of their loyalty to the brand and alle- 
giance to the community. 

Other markers of community are also evident. Specifi- 
cally, members of each of the four brand forums spend a 
considerable amount of time assisting fellow brand owners 
with the installation and use of the brand's products, provid- 
ing evidence of a sense of moral responsibility among the 
members. Furthermore, members of each forum frequently 


share stories about the brand. For example, AMD members 
enjoy sharing similar stories of how others have ridiculed 
them for using an AMD processor rather than the more 
popular Inte] processors. In general, the story concludes 
with the incredulous other being amazed after being shown 
the performance of the AMD product and expressing new- 
found admiration for the AMD owner. Another common 
story is a variant of the odyssey story (Muniz and O'Guinn 
2001). However, in this case, the odyssey involves a quest 
to fix a poorly performing and/or malfunctioning computer 
system. Members recount the suffering and travails they 
experienced unti] they realized that the problem was due to 
the use of a rival brand. Inevitably, the journey ends with 
the purchase of the group's preferred brand, which solves 
all the problems. 

Members of each forum also enjoy celebrating the his- 
tory of their brand by recounting stories of past products. 
Members frequently use engineering code names instead of 
"official" product names when discussing the history of the 
brand as well as current products. For example, Intel mem- 
bers refer to Intel processors using Intel engineering code 
names such as “Allendale” and "Prescott" AMD members 
use AMD code names such as “San Diego,” NVIDIA mem- 
bers use NVIDIA code names such as “G92,” and ATI 
members use ATI code names such as “R600.” As a result, 
knowledge of these code names plays an important role in 
discussing the history of the brand, consistent with previous 
findings that brand communities develop rituals and tradi- 
tion focused on the history of the brand. 


User Signatures 


The forums allow members to assign signatures to their user 
accounts. These signatures contain information the user 
enters, including product purchase information, and appear 
at the end of every message posted in any forum. 

Figure 1 contains the signature created by one member 
of the NVIDIA forum from January 28, 2007, and the new 


FIGURE 1 
Signatures from a NVIDIA Member 


January 28, 2007 


ASUS A8N-SLI Premium 
A64 4000+ San Diego 
2GB Corsair Value PC3200 
eVGA GeForce 7900GS KO (550/750) 
SB Audigy LS 
WD Raptor 150GB SATA 
2x WD 320GB SATA 
Antec Sonata Il 
Thermaltake PurePower 600W 
Belkin Keyboard 
Microsoft Wireless Optical Mouse 5000 Platinum 
Sabrent 52-in-1 Internal Card Reader 





Notes: Bold text Indicates the changed part of the signature. 
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February 10, 2007 


Signature 


ASUS A8N-SLI Premium 
A64 4000+ San Diego 
2GB Corsair Value PC3200 
eVGA GeForce 8800GTS Superclocked 
SB Audigy LS 
WD Raptor 150GB SATA 
2x WD 320GB SATA 
Antec Sonata II 
Thermaltake PurePower 600W 
Belkin Keyboard 
Microsoft Wireless Optical Mouse 5000 Platinum 
Sabrent 52-in-1 Internal Card Reader 





signature the user replaced it with as of February 10, 2007. 
The first signature contains a wealth of information about 
what products the user owns. In this case, the user reports 
owning an ASUS brand motherboard running an AMD 
Athlon 4000+ processor and two gigabytes of Corsair brand 
memory rated at a speed of PC3200. The user also owns a 
video card based on NVIDIA's 7900 GS 3D accelerator and 
sold by eVGA. In addition, the user owns a Sound Blaster 
brand sound card, three Western Digital brand hard drives, 
an Antec brand case, a Thermaltake brand power supply, a 
Belkin keyboard, and a Microsoft mouse. The signature 
information is retroactively changed on all previous posts 
each time the user updates his or her signature. As a result, 
updating a signature alters every message the user has ever 
posted on any of the forums. Thus, changing a signature is a 
highly visible way for a person to announce his or her 
purchase behavior across all the forums. The new signature 
shows that the user replaced the NVIDIA 7900 GS 3D 
accelerator with the newer NVIDIA 8800 3D accelerator. 

Using signature data collected from a panel, we exam- 
ined the adoption of the most recently released product 
within each of the two product categories. In the case of 
AMD and Intel, the new product was from Intel and was 
equivalent to existing AMD products, but it claimed supe- 
rior performance. However, in the case of ATI and NVIDIA, 
the new NVIDIA product was not comparable to existing 
ATI products. Specifically, the new NVIDIA product sup- 
ported the latest 3D graphics functions introduced by 
Microsoft's new operating system, Windows Vista. At the 
time of the study, no ATI product had the ability to perform 
these operations. Thus, NVIDIA's new product was the first 
to market to implement Windows Vista's 3D functions. As a 
result, any user who wanted to adopt a product that sup- 
ported Windows Vista's 3D capabilities had only one prod- 
uct to choose from, NVIDIA's new product. Thus, this 
study context enabled us to examine the impact of both 
brand community participation and membership duration 
on a first-to-market product. 


Data 


The data collection phase involved a continuous process of 
downloading, analyzing, and recording forum information 
on 27,777 user accounts over a tbree-month period. This 
continuous data collection strategy was necessary because 
signature data are retroactively changed each time users 
update their signature. As a result, there is no record of pre- 
vious signatures. Therefore, to detect changes, it was neces- 
sary first to identify all members of each forum, form a 
panel, and then collect signature data over time at regular 
intervals. To construct the panel, we wrote custom programs 
that enabled us to extract and analyze all the messages 
across each of the six forums. In all, 990,818 messages 
were extracted and recorded in a data set. These messages 
spanned a three-year period from when the forums were 
launched in January 2004 to January 2007. Next, we 
located and recorded the user ID within each of the mes- 
sages to identify all the users who posted at least one mes- 
sage in any of the forums since they were opened. We used 
these 27,777 user accounts to form a panel and extracted 


and recorded all the signature data for each account. Over 
the following eight weeks, we re-collected and recorded the 
signature data for each of the accounts on a weekly basis. 
After the data collection period, we examined the signatures 
to identify those that contained product information. Of the 
27,777 unique user accounts tracked, 11,333 users (repre- 
senting 40.896 of all users) created signatures. Because each 
signature was collected eight times, the resultant data set 
contained 90,664 signatures. We then compared each signa- 
ture and coded it according to whether it contained product 
information. Of the 11,333 users with signatures, 7506 
users (representing 66.2% of the users with signatures) cre- 
ated signatures that contained lists of the computer compo- 
nents they currently owned, including the exact x86 proces- 
sor and discrete 3D video card. Therefore, the resultant data 
series tracked the adoption behavior on a weekly basis of 
7506 users for eight weeks spanning four brand communi- 
ties and two non-brand-specific forums. 

Finally, we examined the signatures to identify users 
who adopted products from AMD, Intel, NVIDIA, and ATI 
before the study as well as over the course of the study. To 
identify users who had adopted products during tbe eight- 
week period, we compared the signature for each week for 
each user. Each time a user changed his or her signature, we 
compared the signatures for that user and coded the type of 
product and week of adoption. Although this approach was 
difficult and time consuming, it resulted in a rich and 
unique data set containing detailed information on which 
products were adopted, when they were adopted, and by 
whom they were adopted. For example, the user in Figure 1 
updated the signature during Week 3 of the series (February 
10-February 17, 2007) to announce that he or she had 
adopted NVIDIA's 8800 3D accelerator. 

For the analysis, we focused on the most recently 
released new product in each of the two product categories. 
In the case of AMD and Intel, this was Intel’s Core2Duo 
processor. This product was released July 27, 2006, and had 
been on the market for 26 weeks at the start of the data col- 
lection. Before the start of the data series, 804 of the 7506 
users had adopted the product. During the eight weeks, an 
additional 120 users adopted the product, for a total of 924 
adopters, or 12.3196 of the 7506 users. 

For ATI and NVIDIA, the most recently released new 
product was NVIDIA's 8800 series video card. This product 
was released on November 8, 2006, and had been available 
for 11 weeks at the start of the data collection. At the start 
of the panel, 423 users had already adopted the product. 
Over the eight-week course of the panel, an additional 136 
users adopted the product, for a total of 559 users of a pos- 
sible 7506. This reflects a 7.4596 adoption rate since launch. 


Data Validation 


We performed several analyses to validate our data and to 
determine whether the user signatures constituted accurate 
measures of adoption behavior. First, we considered that 
people might create duplicate user accounts. In this study 
context, the terms of service of the Web site prohibit users 
from registering more than one account under penalty of 
being banned from the forums. In addition, users are 
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required to provide a valid e-mail address to receive an 
account, and only one account is granted per address. 

Nonetheless, these steps do not prevent a determined 
user who is willing to risk being banned from getting multi- 
ple accounts under false pretense. If the user accounts did 
not list any signatures, the results of the study would not be 
influenced by this factor. However, if the accounts had the 
same signature for both accounts, the results could be 
biased if one account was used exclusively in one forum 
and the other was used in the opposing forum. To determine 
the extent to which this might be a problem, we compared 
the signatures for all 27,777 accounts. We identified 24 
users who had matching signatures with another user. Of 
these, 15 were signatures that simply contained a “smiley 
face" icon. Of the remaining 9, all were short and generic, 
and none contained product information. Overall, after we 
compared 27,777 accounts, there was not a single example 
of a duplicate signature that contained product information 
or that was included in our analysis. This suggests that 
duplicate user accounts did not bias the results of the 
analysis. 

A. second concern was that users might adopt a product 
but announce it in a message post rather than update his or 
ber signature. To assess the extent of such behavior, we 
examined all the messages posted in any of the six forums 
by users who did not indicate adoption in their signatures. 
In the case of the Core2Duo processor, we found 53 
instances of the 6529 users (.8%) coded as nonadopters 
from their signatures and 7 instances in which users were 
slow to update their signatures. In the case of the NV8800 
video card, we found 35 instances of the 6912 users (.596) 
coded as nonadopters from their signatures and 10 instances 
in which users were slow to update their signatures. These 
are extremely low error rates on the part of forum members 
and reflect the degree to which members feel obligated to 
acknowledge the products they purchase to fellow 
mernbers.? 

Finally, more frequent participants might update their 
signatures more rapidly. As a result, the relationship 
between participation and adoption might be overstated. If 
such a relationship existed, the results of the analysis could 
be biased. To determine whether there is a relationship 
between participation and the speed with which members 
updated their signatures, we examined the message posts of 
all users who adopted either product during the observed 
period. We analyzed all messages posted in any of the six 
forums for any indication that a user adopted a product in a 
period before when their signature was updated. Of the 120 
users who adopted the Core2Duo processor during the 
eight-week period, 7 were late in updating their signatures 
according to the contents of their message posts. Similarly, 
of the 136 users who adopted the NV8800 video card dur- 








2To ensure that the failure of a few users to update their signa- 
tures did not bias the results, we recoded the records of users who 
failed to report their purchase and reran the analyses. The results 
were almost identical and closely matched those for the original 
analysis; all the relationships were in the expected direction, and 
the outcome for each of the hypotheses remained exactly the same. 
We omit these results for the sake of brevity. 
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ing the eight-week period, 10 were late in updating their 
signatures according to the contents of their message posts. 
We also performed a t-test on the number of posts made in 
the related brand forums by those who updated their signa- 
tures in a timely way versus those who did not. For the 
Core2Duo processor, the difference in participation in the 
AMD forum was statistically insignificant (t(124) = .08, p = 
.936), as was the difference in participation m the Intel 
forum (t(124) = —.646, p = .519). For the NV8800 graphics 
card, the difference in participation in the ATI forum was 
statistically insignificant (t(146) = —014, p = .989), as was 
the difference in participation in the NVIDIA forum 
(t(146) = —365, p = .716). These results suggest that the 
failure of some users to update their signatures in a timely 
manner did not bias the estimates of the relationship 
between participation and adoption behavior. Thus, from 
the nature of the forums and the results of these three sepa- 
rate analyses, we are confident that these signatures repre- 
sent accurate measures of product adoption. 


Measures 


Next, we describe the variables and their operationalization. 
The summary statistics for each variable appear in Table 1. 


Time to adoption. For each of the eight weeks, we 
observed each user to determine whether he or she adopted 
one of the two products. The time to adoption for each user 
is the number of weeks that have elapsed since each product 
was released. Time to adoption, measured in weeks, is the 
observed dependent variable. 


Forum post variables. The forum post variables reflect 
the number of posts the user has made in each of the six 
observed forums in the prior six months in units of 100. 
These variables serve as measures of the level of participa- 
tion in each forum. 


Forum duration variables. The duration variables for 
each forum indicate the amount of time that has elapsed 
since the user made his or her first post in the respective 


TABLE 1 
Summary Statistics 

Varlable M SD 
Time to adoption for Core2Duo 33.08 2.51 
Time to adoption for NV8800 18.48 1.92 
AMD posts 1.55 10.83 
Inte! posts 1.80 15.51 
ATI posts .91 5.84 
NVIDIA posts 2.51 14.89 
AMD duration 46.21 54.78 
Intel duration 23.67 46.80 
ATI duration 25.74 44.05 
NVIDIA duration 32.11 44.18 
InteVAMD overlap —.004 444 
NVIDIA/ATI overiap .099 .420 
Video posts 2.08 11.21 
General posts 1.89 19.68 
Total posts 359.24 787.40 
Posts per day 41 ‚78 


forum. These variables 1ndicate the duration of the user's 
membership in each forum and are measured in years. 


Forum overlap variables. These variables indicate the 
level of overlap in a user's participation in two competing 
forums. To calculate this variable, we computed the number 
of posts made in both forums. Next, we calculated the per- 
centage of these posts that were made in each forum indi- 
vidually. Finally, we subtracted these percentages to create 
a variable ranging from 1 to —1. А value of 1 indicates that 
10096 of the user's posts were made in the first forum, and 
—] indicates that 10096 of the user's posts were made in the 
second forum. A value of 0 indicates that the user posted an 
equal number of messages in both forums. 


General and video post variables. These variables indi- 
cate the number of posts the user has made in each of the 
general product category forums. They serve as a measure 
of participation in non-brand-related forums. 


Total posts. This variable indicates the total number of 
posts the user has made across all 31 forums hosted by the 
Web site. There was a wide array of other forums available 
to users, including “for-sale” forums and forums dedicated 
to various uses of computers, such as networking. This 
variable is a measure of how generally active each user is in 
online forums. 


Posts per day. We calculated this variable by dividing 
the total number of posts each user has made by the number 
of days that the account has existed. This variable reflects 
the general intensity with which each user participates in 
online forums. 


Model and Estimation 


We use a hazard modeling approach to examine the rela- 
tionship between brand community membership and new 
product adoption. Because hazard models have been used 
extensively in the marketing literature to study adoption and 
diffusion in marketing (e.g., Prins and Verhoef 2007; Sinha 
and Chandrashekaran 1992), we provide only a cursory 
overview of the hazard model specifications. However, 
because unobserved heterogeneity bas a potentially impor- 
tant role in our analysis, we motivate the discussion of the 
importance of controlling for unobserved heterogeneity 
with an example from our data and then provide the results 
of estimating the models. 

The duration time for individual i can be viewed as a 
random variable having some probability density f(t) and a 
cumulative distribution function F(t). In characterizing the 
time to adoption, it is convenient to consider the hazard rate 
h(t) = КОЛ — F(t)], which is the conditional likelihood that 
the event of interest occurred. A class of duration models, 
called “accelerated failure time (AFT) models,” follows the 
parameterization: 


(D Int) 7 x f, +Е). 
The word “accelerated” is used to describe these models 


because rather than assuming a specific distribution for fail- 
ure time itself, a distribution is assumed for Ty 


0) т = ехр(-х В), 


where exp(—x,B,) is the acceleration parameter. Thus, on the 
basis of the acceleration parameter, we can determine 
whether time passes at the normal rate, is accelerated, or is 
decelerated as a result of the occurrence of the event of 
interest. This model can be reparameterized as follows: 


(3) In(t,) = x B, + In(t,), 


where the distribution of In(t;) can now be specified (fre- 
quently used distributions include gamma, Weibull, lognor- 
mal, and Gompertz). 

A particularly severe problem in the context of estimat- 
ing hazard models is that associated with unobserved 
heterogeneity. To understand this in the context of our data, 
consider the possibility that our population consists of two 
subgroups of consumers: one with a distinct preference for 
Intel and one with a strong preference for AMD products. 
These preferences are unobserved and cannot be included 
as covariates in the hazard analysis. In this sense, the unob- 
served heterogeneity problem is just a special case of the 
omitted variables bias that is well known in the linear mod- 
els literature. When faced with a new Intel product, the for- 
mer group (in the jargon of hazard models, the one with a 
higher "risk of failing"; i.e., adopting Intel products) will 
exhibit a higher failure rate than the latter. As such, the pro- 
portion of Intel loyalists relative to the AMD loyalists will 
decline over time, and the population will become self- 
selected into those who are less likely to adopt Intel prod- 
ucts. Consequently, the estimated hazard rate based on 
ignoring these subgroup differences will appear to decline, 
even though the bazard rates for the individual groups may 
actually be constant or rising over time. Thus, the crux of 
the problem is that estimating individual hazard rates while 
ignoring such unobserved heterogeneity underestimates the 
true hazard function. However, note that if the observed 
hazard rate is rising over time, this cannot be due to hetero- 
geneity across people (Heckman and Singer 1982). 

The most popular method of controlling for unobserved 
heterogeneity is the random-effects specification based on 
the seminal work of Flinn and Heckman (1982a, b) and 
Vaupel, Manton, and Stallard (1979). In the context of the 
proportional hazard (PH) model, Б( Хе) = ho(t}exp(x,B), 
heterogeneity is incorporated as follows: 


(4) h(t|x,) = Бо(дехр(х,В + T), 


where т, represents the random effects that follow a particu- 
lar functional form for unobserved characteristics (Lan- 
caster 1979, 1990). If we rewrite the hazard function as 


(5) h(t|x,) = ho(Hexp(x,.B)¥ ©), 


where ¥(0) = exp(t,), the unobserved heterogeneity oper- 
ates in a multiplicative manner on the baseline hazard. 
Thus, this captures the logic that some groups are intrinsi- 
cally more or less likely than others to experience adoption. 
The estimation of this model yields parameter estimates for 
the Bs as well as the variance of the heterogeneity distribu- 
tion. These may be used to test the null hypothesis that the 
latter is zero and, thus, no different from the model without 
unobserved heterogeneity. 

Our model estimation proceeded as follows: We began 
by estimating the PH model using the partial likelihood pro- 
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cedure developed by Cox (1975).3 Next, we estimated the 
parametric PH model on the basis of various parametric dis- 
tributions, such as the Weibull, Gompertz, lognormal, and 
exponential. From our estimates, the Weibull provided the 
best fit, with the Akaike information criterion for the 
Weibull, Gompertz, and exponential being 4062, 4270, and 
5462, respectively. Thus, we report the results of the 
Weibull model and compare them with those of the Cox PH 
model. The results of the Weibull model are virtually identi- 
cal, suggesting that they are not sensitive to the distribu- 
tional assumptions. Finally, we reestimated the Weibull 
model to control for unobserved heterogeneity. Because all 
the specification tests suggested the importance of control- 
ling for unobserved heterogeneity in our data, the subse- 
quent discussion relies on the results of this model. 


Results 


Table 2 reports the results for the Cox PH model and the 
Weibull hazard model with unobserved heterogeneity for 
the adoption of Intel’s Core2Duo processor. In addition, the 
table reports results for the base model and a model that 
includes a measure of overlap. For the base model without 
overlap, the results across the Cox PH model and the 
Weibull model are remarkably consistent. Notably, the 
Weibull shape parameter p is always greater than 1, imply- 
ing a monotonically increasing hazard. 
eee 

3In the event that there is little or no theoretical guidance for 
selecting among parametric approaches, the PH model that Cox 
(1975) proposes provides an appealing alternative because it does 
not rely on parametric assumptions for the underlying hazard dis- 
tribution Thus, the recommended approach is to use it as a refer- 
ence model for assessing the results for sensitivity to the distribu- 
tional assumptions made in the parametric model. 


In each case, both participation variables are significant. 
In support of H,,, the results for the Intel posts variable sug- 
gest that higher levels of participation in the Intel forum 
increase the likelihood of adopting Intel's new processor 
and accelerate the time to adoption when a comparable 
product is available. With regard to the coefficients for Intel 
posts in Table 2, the hazard ratio (i.e., the impact on the 
hazard of adoption) estimates from the Weibull model with 
unobserved heterogeneity suggest that posting 100 mes- 
sages (approximately eight months’ worth of posts for an 
average mernber) in the Intel forum increases the likelihood 
of adoption by 134.7% (2.347 — 1 = 1.347). The Weibull 
AFT model suggests that posting 100 messages in the Intel 
forum reduces the expected time of adoption to exp[In(1) — 
.123] = .884 years for members who are expected to adopt 
in Year 1. In other words, the time to adoption is accelerated 
by approximately 1.5 months. 

In support of Нь, higher levels of participation in the 
AMD forum reduce the likelihood of adopting Intel’s new 
product when a comparable product is available. For exam- 
ple, with regard to the coefficients for AMD posts in Table 
2, the hazard ratio estimates from the Weibull model sug- 
Best that posting 100 messages (approximately eight 
months’ worth of posts for an average member) in the AMD 
forum reduces the likelihood of adoption by 75.6796 (.243 — 
1 = —757). The Weibull АЕТ model estimates state that 
posting 100 messages in the AMD forum increases the 
expected time of adoption to exp[In(1) + .204] = 1.23 years 
for members who are expected to adopt in Year 1. Substan- 
tively, this would result in members delaying purchase by a 
full financial quarter. In a market characterized by rapid 
technological change and frequent product releases, such a 
delay has the potential to materially affect quarterly finan- 
cial results. Therefore, these results support Hy, and Hyp, 


TABLE 2 
Adoption of Intel’s Core2Duo Processor 








Base Model Model with Overlap 

Cox PH Welbull Hazard Model with Cox PH Welbull Hazard Model with 

Model Unobserved Heterogeneity Model Unobserved Heterogenelty 

Hazard Hazard AFT Hazard Hazard AFT 
Varlables Ratlos Ratios Metric Ratios Ratios Metric 
AMD posts .508 (.155)* .243 (.123)“ .204 (.073)** 1.742 (.340)** 2.431 (.667)'* —138 (.043)** 
Inte! posts 1.516 (.081)** 2.347 (.211)* | —123 (.014)** 1.066 (.094) 1.237 (.151)  —033 (.019) 
General posts -961 (.105) .922 (.177) .012 (.028) .950 (.101) .884 (.140) 019 (.025) 
Total posts (In) -611 (.020)** 398 (.025)** .133 (.008)** 650 (.022)** 486 (.026)** .112 (.008)** 
Posts per day (In) 2.086 (.065)** 3.784 (.269)** | —192 (.009)** 1.843 (.063)** 2.702 (.168)** —155 ( 008)** 
AMD duration .864 (.036)** -808 (.049)** -031 (.009)** .954 (.040) 928 (.047) .012 (.008) 
Intel duration 1.293 (.051)** 1505 (.092)** | ~.059 ( 051)** 1.145 (.049)** 1.190 (.063)** —027 (.008)** 
Intel/AMD overlap 4.703 (.319)** 10.428 (1.168)** —365 (.047)** 
Shape parameter p 6.930 (.348) 6.426 (.301) 
Test of Hp: Ө = 0 p z .000 p z .000 
Log-likelihood —7892.634 —1964.054 —7616.046 —1598.645 
*p « .05. 
p< .01. 


Notes: For the Cox PH model, the coefficients represent exp(B), whereas for the accelerated hazard models (AFT metric), the coefficients rep- 
resent exp[In(t) + В]. In the case of the AMD forum, the PH model estimates that posting 100 messages reduces the likelihood of adop- 
tion by ( 243 – 1 = —75.796). The Weibull AFT model estimates reflect the impact on time of adoption. For example, posting 100 mes- 
sages In the AMD forum increases the expected time of adoption to exp[In(1) + .204] = 1.23 years for members who are expected to 
adopt tn Year 1 and to exp[In(3) + .204] = 3 68 years for those who are expected to adopt in Year 3 The other coefficients are interpreted 


in а similar manner 
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which state that participation increases the likelihood of 
adopting new products from the preferred brand and 
reduces the likelihood of adopting new products from com- 
peting brands. 

Both membership duration variables are also statisti- 
cally significant, lending support to Нд, and Hay, which 
address cases in which a comparable product is available. 
The results for the Intel duration variable indicate that 
longer-term membership in the Intel forum increases the 
likelihood of adopting Intel's new processor and accelerates 
the time to adoption. Conversely, longer-term membership 
in the AMD forum reduces the likelihood of adopting 
Intel's new processor and decelerates the time to adoption. 
For example, with regard to the coefficients for AMD posts 
in Table 2, the PH model suggests that being a member of 
the AMD forum for one year reduces the likelihood of 
adoption by 19.16% (.808 — 1 = -.192). The Weibull AFT 
model estimates state that being a member of the AMD 
forum for one year increases the expected time of adoption 
to exp[In(1) + .031] = 1.03 years for members who are 
expected to adopt in Year 1. Furthermore, the impact of both 
participation and membership duration remains significant 
and in the expected direction, even when we control for par- 
ticipation and membership across both forums. These find- 
ings support На, and Hay, which predict that when a com- 
parable product is available, longer-term membership 
increases the likelihood of adopting new products from the 
preferred brand and reduces the likelihood of adopting new 
products from competing brands. 

The results for the remaining variables reported in Table 
2 are also noteworthy. Participation in the non-brand- 
specific General Hardware forum does not have a signifi- 
cant impact on adoption behavior. This 1ndicates that par- 
ticipation in this product-related but non-brand-specific 
forum does not alter adoption behavior. However, the total- 
number-of-posts variable has a statistically significant 
impact on adoption behavior and timing. Specifically, 


higher total post counts are associated with a reduced likeli- 
hood to adopt the new product and a decelerated time to 
adoption. In comparison, the posts-per-day variable is a 
measure of participation intensity across all the forums. 
Consistent with diffusion theory's emphasis on the role of 
information, our results suggest that higher levels of partici- 
pation intensity are associated with a greater likelihood to 
adopt and an accelerated time to adoption. In other words, 
an accelerated rate of participation accelerates the time to 
adoption. 

Table 3 reports the results for each of the models for the 
adoption of NVIDIA's 8800 series 3D video card. In this 
case, NVIDIA was the first to market with a product that 
implemented the 3D acceleration features present in 
Microsoft's new Windows Vista operating system. ATI had 
no equivalent product during the observed period. As a 
result, customers who were seeking a discrete 3D video 
card that supported the functions in Microsoft's most recent 
operating system had only one choice. 

Н, predicted that when the preferred brand is first to 
market with a new product, higher levels of participation in 
a brand community will increase the likelihood of adopting 
the new product. The results for the NVIDIA posts variable 
support H, and indicate that higher levels of participation 
increase the likelihood of adopting NVIDIA’s new product 
and accelerate the time to adoption when the preferred 
brand is first to market. Indeed, the hazard ratio estimates 
from the Weibull model with unobserved heterogeneity sug- 
gest that posting 100 messages in the NVIDIA forum 
increases the likelihood of adoption by 1341.2% (14.412 — 
1 = 13.412). Furthermore, posting 100 messages in the 
NVIDIA forum decreases the expected time of adoption for 
the NVIDIA product to .466 years for members who are 
expected to adopt in Year 1. In other words, the time to 
adoption is reduced by more than half to 6.4 months. 
Whereas posting in the NVIDIA forum has a dramatic 
impact on adoption behavior for the new NVIDIA product, 


TABLE 3 
Adoption of NVIDIA’s 8800 Video Card 


Base Model Model with Overlap 

Cox PH Welbull Hazard Model with Cox PH Welbull Hazard Model with 

Model Unobserved Heterogeneity Model Unobserved Heterogenelty 

Hazard Hazard Hazard Hazard AFT 
Varlables Ratlos Ratios Metric Ratios Ratios Metric 
ATI posts .460 (.265) .360 (.298) .292 (235) 5.718 (2.946)'* 25.412 (19.493)  —970 (.233)** 
NVIDIA posts 3.368 (.001)** 14412 (3.393)** — 764 (.068)** 1940 (.249)™ 4.513 (1011)'* —452 ( 066)" 
Video posts .450 (.126)** 175 (.081)** .499 (.131)**  .525 (151) .199 (.093)** .485 (.139)** 
General posts .537 (.259) .340 (.250) .309 (.210) 513 (.224) .336 (206) .327 (.184) 
Total posts (In) .559 (.023)** .385 (.031)*  .273(021)"  .631 (.030)“ .501  (.036)'" .208 (.020)“ 
Posts per day (п) 2.231 (.093)** 3.599 (.328)** —367 (.024)** 1687 (.083)“ 2.219 (.175)" —.239 (.022)** 
ATI duration .929 (.056) .926 (.081) .022 (.025) 1.028 (.083) 1.043  (.083) —.013 (.024) 
NVIDIA duration 1.556 (.091)** 1.887 (.167)** —182(025)" 1.323 (088)* 1.404 (117)" —.102 (.025)“ 
NVIDIA/ATI overlap 6.447 (.638)* 12.901 (2.040) —.767 (.046)** 
Shape parameter p 3.493 (.230) 3.335  (.202) 
Test of Но: 0 = 0 р > .000 р > .000 
Log-likelihood —4707.898 —1798.925 —4514.413 —1587.658 
*р< 05. 
**p « .01. 
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posting in the ATI forum does not have a statistically sig- 
nificant effect. 

Unlike NVIDIA members, ATI members did not have a 
comparable product available from their preferred brand 
that supported Windows Vista's 3D acceleration abilities. 
As a result, ATI members faced a situation in which the 
first-to-market product was from a rival brand. In this case, 
Нз predicted that contrary to conventional wisdom, higher 
levels of participation in the brand community will not alter 
the likelihood of adopting the rival's new product. From the 
results for the ATI posts variable in Table 3, we find that 
higher levels of participation in the ATI forum do not have а 
significant impact on the likelihood of adopting NVIDIA's 
new product or the timing of adoption. Furthermore, this 
result is consistent across both models. This lends support 
to Ha. 

In terms of membership duration, Н» predicted that 
when the preferred brand is first to market with a new prod- 
uct, longer-term membership in a brand community will 
increase the likelihood of adopting the new product. In sup- 
port of Hs, the NVIDIA duration variable in Table 3 is sta- 
tistically significant. This result indicates that longer-term 
membership in the forum is associated with a higher likeli- 
hood to adopt the new NVIDIA product and an accelerated 
time to adoption. Specifically, being a member of the 
NVIDIA forum for one year increases the likelihood of 
adoption by 88.7% (1.887 — 1 = .887). In addition, being a 
member of the NVIDIA forum for one year decreases the 
expected time of adoption for the NVIDIA product to .834 
years for members who are expected to adopt in Year 1. 
Therefore, Hs is supported. 

However, the results for ATI membership duration are 
different. Faced with a first-to-market product from the rival 
brand, the ATI membership duration variable fails to 
achieve significance in any of the models. This indicates 
that longer-term membership in the ATI forum does not 
alter the likelihood or timing of adopting NVIDIA's new 
video card. This result supports Hg, which predicted that 
longer-term membership in a brand community will not 
alter the likelihood of adopting the new product when a 
competing brand is first to market. 

The results for the remaining variables are consistent 
with those reported for Intel and AMD. Participation in the 
general forum does not have an impact on adoption behav- 
ior. Furthermore, the total number of posts reduces the like- 
lihood of adoption, and higher levels of posting intensity 
increase the likelihood of adoption. Notably, the level of 
participation in the non-brand-specific forum dedicated 
specifically to the video card product category has a signifi- 
cant impact on adoption. Specifically, higher levels of par- 
ticipation in this forum are associated with a decrease in the 
likelihood of adopting NVIDIA's first-to-market new prod- 
uct and an increased time to adoption. 


Impact of Overlap in Participation 


Finally, Ну predicted that overlap in participation across 
two brand communities will negate oppositional loyalty and 
result in a positive relationship between participation and 
adoption, regardless of brand. To test this hypothesis, we 
computed an overlap variable for each pair of brand forums. 
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The values range from 1 to —1, with 0 indicating an equal 
level of participation between the two forums. We then rees- 
timated each model with the overlap variable included; the 
results appear next to the base models in Tables 2 and 3. 

Table 2 reports the results for the adoption of Intel's 
Core2Duo processor when the effect of overlap is included 
alongside the base model. In this case, a value of 1 for the 
overlap variable indicates that 10096 of posts were in the 
Intel forum, and a value of —1 indicates that 100% of posts 
were in the AMD forum. The overlap variable itself has a 
statistically significant impact on adoption behavior, with 
the positive skew in participation in favor of the Intel forum 
serving to increase the likelihood of adopting Intel's new 
processor and accelerate the time to adoption. Specifically, 
if all the posts were in the Intel forum, the likelihood 
increases by 942.8% (10.428 — 1 = 9.428). Similarly, the 
time to adoption decreases to .694 years for members who 
were expected to adopt in Year 1. In other words, if a forum 
member posts exclusively in the Intel forum, there is a nine- 
fold increase in the likelihood that a member will adopt the 
new Intel processor compared with a member who posts 
with an equal frequency in both the Intel and the AMD 
forums. 

Moreover, the introduction of the overlap variable also 
has a dramatic effect on the Intel and AMD forum variables 
in the model. In particular, participation in the AMD forum 
goes from having a negative impact on the likelihood of 
adoption of the new Intel processor to having a positive one. 
In other words, when participation is statistically set to be 
equal across both forums, higher levels of participation in 
the AMD forum result in an increased (rather than 
decreased) likelihood to adopt the new Intel processor. Fur- 
thermore, duration of membership in the AMD forum no 
longer has a statistically significant impact on adoption 
behavior. In comparison, longer-term membership in the 
Intel forum still increases the likelihood of adoption. How- 
ever, the impact of participation in the Intel forum is no 
longer statistically significant, though the coefficient is 
positive. 

Table 3 reports the results for the adoption of NVIDIA's 
8800 video card when overlap in participation is accounted 
for alongside the results for the base model. In this case, a 
value of 1 for the overlap variable indicates that 10096 of 
posts were in the NVIDIA forum, and a value of -1 indi- 
cates that 10096 of posts were in the ATI forum. The overlap 
variable is statistically significant, with the skew toward 
participating in the NVIDIA forum resulting in an increased 
likelihood to adopt NVIDIA's new video card. The results 
for the NVIDIA and ATI variables are consistent with those 
reported for Intel and AMD in Table 2. With equal partici- 
pation across the two forums, higher levels of participation 
in the ATT forum result in an increased likelihood to adopt 
NVIDIA’s new product. In addition, the coefficient for 
membership duration becomes positive but remains statisti- 
cally significant. In the case of the NVIDIA forum, higher 
levels of participation and longer-term membership both 
result in an increased likelihood to adopt and an accelerated 
time to adoption. Specifically, we show that if all the posts 
were in the NVIDIA forum, the likelihood of adoption 
increases by 1190.1% (12.901 — 1 = 11.901). In addition, 


the time to adoption decreases by more than half to .464 
years for members who were expected to adopt in Year 1. 
Finally, the results for the remaining variables are unaltered 
by the introduction of the overlap variable. 

Overall, the results in Tables 2 and 3 support H7. When 
there is a high degree of overlap, oppositional loyalty is 
reduced. In this case, participation in both communities 
increases the likelihood of adoption and reduces the time to 
adopt the new product. Indeed, when the Jevel of participa- 
tion is equal across both forums, higher levels of participa- 
tion in a forum increase the likelihood of adopting a new 
product from a rival brand. This represents a surprising 
reversal of the relationship between brand community par- 
ticipation and the adoption of rival products. Furthermore, 
this positive effect on adoption of rival products remains 
even when the level of participation in the competing 
brand's forum is included in the model. 

This last finding is particularly worrisome for marketing 
managers who hope to benefit from brand communities. 
Specifically, marketing actions designed to increase partici- 
pation in a company's brand community may actually back- 
fire and increase the adoption of rival's products when there 
is a higher degree of overlap. Furthermore, although man- 
agers can generally observe the level of participation in 


their brand community, they cannot readily observe the 
degree to which members might be participating in rival 
brand communities. As a result, brand communities present 
marketing managers with a dilemma. 


Sensitivity to Participation Interval and 
Endogeneity 


The participation variables in the analysis were based on the 
number of posts each user made within the previous six 
months. To determine whether the results are sensitive to 
the specification of a six-month interval, we recomputed the 
participation variables according to the number of posts 
made in the previous year. We then reestimated the models 
for Tables 2 and 3; the results appear in Table 4. 
Comparing the results for Intel’s product in Table 2 with 
those in Table 4, we find that all the coefficients are in the 
expected direction, and the same variables achieve statisti- 
cal significance. The pattern of results is also the same for 
NVIDIA's product when we compare Tables 3 and 4. As a 
result, H,-Hg are supported. In the case of the model with 
overlap, comparing Tables 2 and 3 with Table 4 indicates 
that the specification of the interval for computing partici- 
pation had no impact. The results for the adoption of Intel's 


Variables Hazard Ratlos AFT Metric Hazard Ratios AFT Metric 
AMD posts .505 (.107)** .096 (.030)** 1.412 (.231)* —.047 (.022) 
Intel posts 1.676 (.118)** ~.073 (.010)** 1.147 (.081) —.019 (.010)* 
General posts 1.101 (.153) —.014 (.020) 1.084 (.133) —.011 (017) 
Total posts (In) .401 (.024)* .129 (.008)* 426 (.044)** .116 (.008)** 
Posts per day (In) 3.834 (.264)** ~.190 (.009)** 3.579 (.521)'* —.173 (.008)** 
AMD duratlon .823 (.049)** .027 (.008)** 1.030 (.058) —.004 (.008) 
Intel duration 1.541 (.092)* —.061 (.008)** 1.153 (.071)* —.019 (.008)* 
Intel/AMD overlap 7.722 (1.700)** —277 (.014)** 
Shape parameter p 7.090 (.337) 7.381 (.834) 
Test of Но: Ө = 0 р > .000 р > .000 
Log-likelihood —2033.880 —1765.121 

Adoption of NVIDIA's 8800 Video Card 
ATI posts 1.077 (.561) —.021 (.149) 11.190 (5.428)** —.690 (.139)** 
NVIDIA posts 3.060 (.319)** —.321 (.032)** 2.265 (.253)** —234 (.032)** 
Video posts .780 (.221) 071 (.081) 501 (147) .197 (.084)* 
General posts .430 (.164)* 242 (.109)* „431 (163) 240 (.109)* 
Total posts (In) .401 (.031)** .262 (.021)* .458 (.036)** .223 (.021)** 
Posts per day (In) 3.437 (.295)** —.354 (.023)** 2.696 (237) —.283 (.022)** 
ATI duration .954 (.081) .014 (.024) 1.204 (101) —.053 (.024)* 
NVIDIA duration 1.836 (.157)** —.174 (.024)** 1.264 (.112)** —.067 (.025)** 
NVIDIA/ATI overlap 6.522 (.972)* – 535 (.040)** 
Shape parameter p 3.484 (.216) 3.502 (.221) 
Test of Но: Ө = 0 р > .000 р > .000 
Год- ке оод —1908.676 —1790.651 
*p < .05. 
**p < .01. 


Adoption with One-Year Interval 


TABLE 4 


Adoption of Intel's Core2Duo Processor 


Base Model 


Welbull Hazard Model with 
Unobserved Heterogeneity 


Model with Overlap 


Welbull Hazard Model with 
Unobserved Heterogeneity 
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product and NVIDIA's product are consistent for both inter- 
vals. Overall, the results for the one-year participation inter- 
val support H5. 

Finally, we consider the possibility that forum participa- 
tion is endogenous (i.e., product adoption may make it more 
likely for members to participate in forums). For example, 
after adopting a new product, members may become more 
active because they have experiences to share or problems 
to discuss regarding the new product. To test for potential 
endogeneity in the member participation Tegressor, we esti- 
mated a two-stage least squares model (2SLS) with instru- 
mental variables (Hayashi 2000) and performed both a 
Hausman test (Hausman 1983) and a test based on the gen- 
eralized method of moments (GMM) estimator (Hansen 
1982). The idea was to test the null hypothesis that the spec- 
ified endogenous regressors (participation in Intel and 
AMD forums) can instead be treated as exogenous. The test 
Statistic is distributed as chi-square with degrees of freedom 
equal to the number of regressors being tested as endoge- 
nous. Both tests failed to reject member participation as 
being exogenous in the adoption regression. The Hausman 
test, which tests whether the differences between the 2SLS 
estimates and the ordinary least squares (OLS) estimates are 
large enough to suggest that the OLS estimates are incon- 
sistent, is 3.93 (p = .14) and fails to reject the hypothesis 
that the OLS estimates are inconsistent. The GMM estima- 
tor yields a test statistic of .046 (p = .83) and also fails to 
reject the exogeneity of forum participation. Thus, we con- 
clude that our results do not suffer from the endogeneity 
bias. 


Discussion and Implications 


In this study, we examined the effects of brand community 
participation and membership duration on adoption behav- 
ior and identified important limiting conditions. In doing so, 
we contribute to the literature on new product adoption by 
exploring how and when brand communities may alter 
adoption behavior. This study is the first to link brand com- 
munity participation and membership duration to actual 
adoption behavior. Furthermore, we extend prior research 
by examining the effects of participation and membership 
duration both within and across rival brand communities. 
This enabled us to detect simultaneously the presence of 
both loyalty and oppositional loyalty and to identify critical 
limiting conditions on their influence. Specifically, we find 
that oppositional loyalty is conditional on the presence of a 
comparable product. Finally, we contribute to the brand 
community literature by addressing the issue of overlapping 
community memberships. In doing so, we integrate the 
social identity and diffusion theory literature to predict how 
and when overlapping memberships will affect adoption 
behavior. 

Our results show that higher levels of participation in a 
brand community lead to both loyalty and oppositional loy- 
alty in adoption behavior. Higher levels of participation 
increase the likelihood that a person will adopt a new prod- 
uct from the preferred brand and accelerates the time to 
adoption. At the same time, participation reduces the likeli- 
hood that a person will adopt a product from a competing 
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brand and decelerates the time to adoption. Membership 
duration in a brand community has a similar effect; it 
increases the likelihood that longer-term members will 
adopt a new product from the preferred brand and acceler- 
ates the time to adoption while reducing the likelihood that 
members will adopt a competing brand and decelerating the 
time to adoption. . 

However, these results are contingent on the presence of 
а comparable product from the preferred brand. Although in 
general prior literature on brand communities has assumed 
the presence of comparable products, this assumption does 
not hold when a company beats a competitor to market with 
a new product. We consider a case in which this assumption 
does not hold and find that the absence of an equivalent 
product from the preferred brand blunts the impact of par- 
ticipation on the likelihood of adopting products from rival 
brands. In markets with large brand communities, these 
results suggest that first movers realize significant advan- 
tages in the form of higher adoption rates and shorter times 
to adoption among members of rival communities as well as 
among members of their own communities. 

Finally, we contribute to the brand community literature 
by examining the role of overlapping community member- 
Ships. Consistent with research on social identity but 
counter to the conventional view on brand community par- 
ticipation, our results indicate that overlapping member- 
ships across rival brand communities can actually reverse 
the relationship between participation and the adoption of 
rival products. Specifically, when there is a high degree of 
overlap, higher levels of participation in one brand's 
community may actually increase the likelihood of adopting 
a new product from a rival brand. These results suggest 
that relative participation in rival forums and overlap in 
membership play a key role in how members react to new 
products. 


Managerial Implications 


The brand community literature indicates that brand com- 
munities are common and potentially valuable to marketers. 
This study offers some important insights into how mar- 
keters can tap into this potential value. By encouraging cus- 
tomers to join and participate in their brand community, 
companies can increase the willingness of customers to 
adopt their new products. Furthermore, encouraging cus- 
tomers to join and participate in the company's brand com- 
munity can insulate the company from competitive pressure 
by reducing the likelihood that customers will adopt com- 
peting products. Finally, brand communities can be particu- 
larly valuable for companies that are the first to market with 
а new product. In this case, the company benefits from loyal 
adoption behavior from members of its community but is 
not penalized by oppositional loyalty from members of rival 
brand communities. 

However, brand communities are not a magic bullet. 
Membership duration plays an important role in adoption 
behavior beyond participation rates. Therefore, companies 
should attempt to recruit potential members early and often. 
If a competitor has a larger brand community or builds one 
Sooner, a company may find itself at a disadvantage. Yet 
even if a company succeeds in building a large brand com- 


munity, the advantages are not guaranteed. To benefit from 
oppositional loyalty, a company must still offer a compara- 
ble product. Otherwise, members of its community will 
consider adopting new products from competing brands if a 
competitor manages to beat the company to market. 

In addition, companies must convince their members to 
join and participate frequently in their community while 
avoiding joining and participating in rival brand communi- 
ties. If a company's customers join multiple brand commu- 
nities, the advantages offered by oppositional loyalty may 
be lost. In the presence of overlap, efforts to increase par- 
ticipation in the brand's community may actually backfire 
and benefit rivals. Given this prospect, marketing managers 
should first assess the degree to which members of their 
own community also participate in rival communities 
before seeking to promote it. Armed with this preliminary 
research, managers can then decide whether investments are 
warranted. Furthermore, such research might allow man- 
agers to selectively promote participation only among 
members who do not possess overlapping memberships. 

Finally, these results may sound discouraging for com- 
panies that face rivals that enjoy large brand communities, 
such as Apple and Harley-Davidson. However, the findings 
suggest strategies that could even the playing field. A com- 
pany can negate some of the advantages of a competitor’s 
brand community by encouraging opposing members also 
to participate in the company's own brand community, thus 
increasing overlap in participation. In addition, а company 
can limit the impact of oppositional loyalty among oppos- 
ing members by beating its competitors to market with new 
products. Finally, a company can extract more value from a 
smaller brand community by encouraging its members to 
focus their participation in the company's community and 
avoid competing brand communities. 


Limitations and Further Research 


The results should be viewed with the limitations of the 
study in mund. In turn, tbese limitations suggest future 
research opportunities. First, this study examined the adop- 
tion of two products from two product categories whose 
products typically range in price from $100 to $500. As 


such, these products are priced similarly to or are less ' 


expensive than products associated with previously studied 
brand communities, such as automobiles, Macintosh com- 
puters, and electronic personal digital assistants. Therefore, 
we expect that the results of this study will generalize to 
contexts that involve the adoption of products within a simi- 
lar price range and above. However, further research should 
examine the degree to which these findings extend to inex- 
pensive consumer goods that are purchased regularly, such 
as soda or detergent. The low price and frequent purchase 


intervals typical of such products could lead to a greater 
willingness on the part of brand community members to 
engage in trial behavior. Conversely, such trial purchases 
could be made for the purpose of reconfirming the superior- 
ity of the community's products and therefore might not 
result in repurchase behavior. Given the Jack of research on 
frequently purchased low-cost products within the existing 
brand community literature, this is a promising area for 
future work. 

Second, the products examined in this study are less 
visible than other products, such as cars, motorcycles, or 
sodas. In this regard, they are similar to products such as 
shampoo, DVD players, or audio speakers. Thus, the degree 
to which a product is consumed publicly or in a visible way 
might influence the behavior of brand community members. 
Indeed, many computer enthusiasts place stickers or 
"badges" on their computers to indicate which video cards 
and processors they own. Some owners even purchase 
transparent acrylic computer cases with internal lighting so 
that their products are clearly visible. This behavior sug- 
gests that visibility can play an important role in brand 
communities. Further research could explore the ways the 
visibility of a product influences the behavior of brand com- 
munity members. 

Finally, this study explored the relationship among 
membersbip duration, participation, and adoption behavior. 
Prior ethnographic research suggests that brand communi- 
ties have the potential to influence adoption behavior 
through social identification and by exposing members to 
product information. Further research should explore the 
relative role of social identification versus product informa- 
tion in influencing member behavior. For example, expo- 
sure to product information might play a larger role in gen- 
erating loyalty, whereas social identification might play a 
greater role in producing oppositional loyalty. The degree to 
which each of these mechanisms influences bebavior has 
important theoretical and managerial implications. Specifi- 
cally, a lack of product information among community 
members might be overcome with targeted advertising. 
However, such advertising might be less effective at over- 
coming oppositional loyalty if social identification is the 
primary driver of such behavior. These possibilities raise 
the prospect that marketing actions, such as advertising, are 
effective only in influencing the behavior of brand commu- 
nity members under certain conditions. Further research 
should explore the roles of identification and information in 
shaping the attitudes and behaviors of brand community 
members as well as possible interactions. Further research 
should also address the effectiveness of different marketing 
actions in influencing brand community members and the 
conditions under which they are most appropriate. 


———————À——————————————————5————————CCOOQ a eS 
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Damage from Corrective Advertising: 
Causes and Cures 


Corrective advertising can be problematic because it undermines responses both to other products advertised by 
the corrected firm and to products advertised by second-party advertisers. However, a positive reputation insulates 
second-party firms from these carryover effects, provided that this reputation is based on an endorsement from an 
independent regulator. Furthermore, firm responses that include an explanation for the misleading claim prove to 
be effective in avoiding the negative side effects of correction. These findings add to the correction literature by (1) 
showing that this form of regulation can have much broader side effects than demonstrated previously, (2) 
identifying distrust as the mechanism by which these effects occur, and (3) suggesting strategies to protect firms 
from the negative side effects of correction. The findings also support the defensive consumer distrust mode! and 
help define the scope of this model. 


Keywords: advertising correction, misleading advertising, carryover effects, suspicion, defensive consumer model 


is research examines both unintended effects of the effects of advertising corrections. Indeed, the ASA con- 

| advertising corrections and remedies that firms can siders negative publicity the main sanction it exerts on 

use to deal with such side effects. Regulators have offending advertisers, and research confirms that many con- 

several options for providing consumers with corrective sumers learn about misleading advertising through the pub- 
information in response to misleading advertising claims. licity generated by press releases (Tyebjee 1982). 

The less formal option is to provide media releases and/or A more formal option in dealing with deceptive claims 


other reports and documents to the general public. For is to order the offending firm to engage in corrective adver- 
example, the Federal Trade Commission (FTC), the Better tising. This option has been dubbed the "atom bomb" of 
Business Bureau (BBB), and the Advertising Standards advertising regulation (Arnold 2005), mainly because it can 
Authority (ASA) all provide regular press releases that be extremely costly. For example, the FTC recently ordered 
describe advertising they view as misleading. A search of Norvartis to spend $8 million on corrective advertisements 
FTC press releases published on its Web site in the past year regarding claims it made about Doan's back medication 
yielded 405 results for misleading advertisements (The Wall Street Journal 2000). This amount is equal to the 
(www.ftc.gov; keywords: "false," “misleading,” "advertis- product's advertising budget for an eight-year period and 
ing"; conducted Jannary 22, 2008). Moreover, there were in does not include the legal costs associated with fighting the 
excess of one million visitors to this Web site during that order. Although the FTC tends to use corrective advertising 
period (FTC 2007). In the United Kingdom, the ASA only in extreme cases, the recent judgment pertaining to the 
upheld complaints for 3440 advertisements between 2002 Doan's case has raised the concern that such orders may 
and 2006, the majority of which pertained to misleading apply to a broader set of advertising claims in the future 
claims. Reports of these adjudications are published on the (Mazis 2001). Several other regulators also have the ability 


ASA’s Web site on a weekly basis (see http://www.asa.org. to order corrective advertising. For example, the Food and 
uk/asa/adjudications/public/), and there have been more Drug Administration (FDA) has recently been accused of 
than one million visitors in the past year (ASA 2006). Such ordering such corrections as a matter of routine (Washing- 
reports can also receive substantial media coverage at inter- ton Legal Foundation 2006). Indeed, the FDA sought cor- 
national, national, regional, and local levels. For example, rective action in half the drug-promotion cases it handled 


the FTC (2007) estimates that more than 3000 published between 2004 and 2005, compared with just 7% of the 
articles referred to its consumer protection activities in cases between 2000 and 2003 (Schmit 2005). Furthermore, 
2007, reaching a combined circulation of approximately state governments can order corrective advertising for 
863 million. Such media attention considerably magnifies regionally based claims (e.g., Serafin and Levin 1990). 
Finally, the courts have the power to order corrective adver- 
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promote its products effectively in any other way (Mazis, 
McNeill, and Bernhardt 1983). Prior research has suggested 
that though corrective advertising can be somewhat effec- 
tive in correcting false beliefs (Wilkie, McNeill, and Mazis 
1984), it can have serious punitive effects, including under- 
mining valid beliefs about other benefits of the same prod- 
uct (Dyer and Kuehl 1978; Mazis and Adkinson 1976) and 
damaging the offending firm's overall reputation (Arm- 
strong, Franke, and Russ 1982; Johar 1996). Despite exist- 
ing evidence for these damaging side effects, regulators 
continue to order corrective advertising. 

The research we report here draws on recent work on 
consumer defensiveness (Darke and Ritchie 2007) to iden- 
tify some additional unintended side effects of advertising 
correction. Our studies show that advertising correction, 
whether it comes from corrective advertising by the firm 
itself or from a regulator's press release, has much broader 
negative implications than previously shown. These nega- 
tive effects apply not only to the different products adver- 
tised by the offending firm but also to advertisements from 
second-party firms. Furthermore, these effects can endure 
for a long time. Process analyses show that corrective 
advertising can undermine the perceived trustworthiness of 
advertisers in general, leading to negative perceptions of 
products that are advertised after the correction. This 
research also provides insight into the steps that firms can 
take to avoid the undesirable carryover effects of corrective 
advertising. Specifically, we find that a positive reputation 
can insulate second-party firms against these carryover 
effects but only when this reputation is based on an 
endorsement from an independent regulator (i.e., the BBB). 
In addition, the response of the corrected firm is important; 
the best results occur when the firm provides an explanation 
for the misleading claim. 

Our findings make several contributions to the litera- 
ture. First, we show that correction can have much broader 
effects on subsequent advertising than has been previously 
demonstrated. The broader carryover effects we observe 
produce harm that falls outside the intended purpose of cor- 
rective advertising and therefore should cause regulators to 
question the use of both formal (through corrective adver- 
tising orders) and less formal (through press releases) 
advertising corrections. Second, tbe finding that regulator 
endorsements are effective in combating the negative side 
effects of correction suggests that regulators also play a role 
in helping consumers identify reputable firms. Third, the 
findings have implications for managers in identifying 
which firm responses are effective in dealing with the nega- 
tive side effects of correction. Finally, our results support 
the defensive consumer model (Darke and Ritchie 2007) 
and add to this literature by identifying important limiting 
conditions for the negative effects of advertising deception 
on consumer judgment. 


Prior Research on Advertising 
Correction 


Most research on corrective advertising shows that it pro- 
duces a small but significant reduction in false beliefs, both 
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immediately and in the long mn (e.g., Armstrong, Gurol, 
and Russ 1979; Bernhardt, Kinnear, and Mazis 1986; Mazis 
and Adkinson 1976; Mizerski, Allison, and Calvert 1980). 
However, studies also show that consumers may continue to 
perceive the target brand as superior to its competitors 
despite such corrections (Dyer and Kuehl 1978). Other 
research has raised concerns that corrective messages are 
often misunderstood (Jacoby, Nelson, and Hoyer 1982) and 
that consumers retain only limited memory of the infor- 
mation contained in corrective advertisements (Mazis, 
McNeill, and Bernhardt 1983). The effectiveness of correc- 
tive advertising varies considerably, depending on the con- 
tent or strength of the message (Dyer and Kuehl] 1974; Hunt 
1973), the medium in which the correction is provided 
(Nkonge 1984), and the consumer’s ability and motivation 
to process information (Johar and Simmons 2000). In 
examining much of this evidence, Wilkie, McNeill, and 
Mazis (1984) conclude that though corrective advertising 
reduces the likelihood that consumers maintain false prod- 
uct beliefs, it falls short of undoing the beliefs generated by 
the initial advertising campaign, and a substantial propor- 
tion of consumers maintain erroneous beliefs following cor- 
rective advertising. 

As we mentioned previously, many regulatory agencies 
also issue media releases that report corrections for adver- 
tising claims on a more informal basis. This information is 
frequently picked up by the popular press and spread fur- 
ther through word of mouth. Tyebjee (1982) finds that many 
consumers actually learn about advertising deception 
through the publicity arising from such news releases rather 
than through corrective advertisements from the firm. Fur- 
thermore, studies that have examined the source of correc- 
tive messages suggest that corrections from a regulator tend 
to be more effective in amending erroneous beliefs than 
corrections from the company (Dyer and Kuehl 1974, 1978; 
Mazis and Adkinson 1976). 

Other research has focused on the unintended effects of 
corrective advertising, including the notion that corrective 
advertising may undermine the reputation of the offending 
firm and hamper its future ability to promote products. Evi- 
dence for this is mixed. For example, Dyer and Kuehl 
(1974) find that perceptions of the company depend on the 
source of the corrective information. Corrections from the 
firm itself lead to more positive evaluations, whereas cor- 
rections from a regulator have the opposite effect. In addi- 
tion, Johar (1996) finds that corrective advertising causes 
consumers to dislike firms that initially had a positive repu- 
tation, but it has little impact on firms that initially had a 
negative reputation. However, neither study specifically 
examines whether such reputation effects actually under- 
mine the effectiveness of the firm’s future advertising, 
which is the ultimate concern. 

Another unintended consequence of ad correction is that 
its effects may generalize to undermine other, nontargeted 
beliefs about the same product. For example, a corrective 
advertisement designed to invalidate the false claim that a 
mouthwash prevents colds led consumers to doubt the 
legitimate claim that it kills germs, even though the correc- 
tion did not explicitly mention germ killing (Dyer and 
Kuehl 1978; Mazis and Adkinson 1976; see also Tyebjee 


1982). This was true regardless of whether the correction 
came from the company or the FTC. These carryover 
effects suggest that corrective information can lead to nega- 
tive consequences beyond the intended purpose of simply 
undoing the specific erroneous beliefs created by the mis- 
leading advertisement in the first place. 'That is, correction 
not only undid the erroneous beliefs created by the mislead- 
ing advertisement (the intended purpose of the correction) 
but also undermined more legitimate beliefs about the same 
product (an unintended side effect). 


Current Research and Hypotheses 


This research draws on recent work pertaining to the defen- 
sive consumer model of distrust (Darke and Ritchie 2007) 
to reexamine the range of the carryover effects produced by 
corrective advertising. As we suggested previously, prior 
research has shown that correction can lead to unintended 
side effects by carrying over to closely related beliefs about 
the same product or by undermining the reputation of the 
corrected firm. In comparison, the defensive consumer 
model suggests that such negative carryover effects could 
extend much further and apply to entirely different products 
from the same advertiser and to products from unrelated, 
second-party advertisers. This occurs because corrective 
advertising informs consumers that they have been misled 
by the advertiser, which should produce generalized distrust 
in advertising as a whole and thereby undermine subsequent 
advertisements from a broad range of advertising sources. 
These effects go well beyond the side effects shown in prior 
research on advertising correction. We also expand on the 
defensive consumer model in important ways—most 
notably, by examining the moderators for the effects of con- 
sumer defensiveness. The moderator variables we identify 
include the prior reputation of the second-party advertiser 
and the corrected firm's response. Therefore, our findings 
better define the scope of the defensive consumer model. 
Next, we describe this model in greater detail and use it to 
develop our main predictions. 

In general, our predictions were based on prior theories 
of generalized distrust and more recent work that has exam- 
ined the role of distrust in consumer defensiveness. The 
classic work of Pollay (1986) proposes that exposure to 
deceptive advertising leads consumers to become broadly 
distrustful of advertising as a whole. He argues that market- 
ing communication relies on a basic norm of honesty, and 
when this norm is broken, consumers may make the gener- 
alization that no one should be trusted. This is consistent 
with prior assertions of Rotter (1967), who argues that dis- 
trust results when others fail to live up to the statements or 
promises they make. Rotter further distinguishes between 
specific trust/distrust based on prior interactions with the 
same firm and generalized trust/distrust based on prior 
experiences with other firms. 

Building on these ideas, Darke and Ritcbie (2007) pro- 
pose a dual process model to understand the effects of adver- 
tising deception and distrust on attitudes toward subsequent 
advertisements. Their model distinguishes between specific 
and generalized forms of distrust, the type of information 
processing (heuristic versus systematic), and the processing 


goals involved (accuracy versus defense). Traditionally, trust 
has been regarded as a simple heuristic cue, such that indica- 
tions that a particular source can be trusted lead to greater 
agreement without much thought about the merits of argu- 
ments contained in the advertisement (e.g., Petty, Cacioppo, 
and Schumann 1983). Furthermore, some forms of distrust 
(e.g., ulterior motives) are known to increase systematic pro- 
cessing, leading to more careful thought and greater differ- 
entiation between strong and weak arguments (Priester and 
Petty 1995). This pattern is consistent with what Darke and 
Ritchie (2007) call *accuracy-based distrust,” that is, when 
initial distrust evokes the goal of forming a valid opinion, 
which leads to greater objective processing and attitudes that 
better reflect the true merits of the arguments. 

Darke and Ritchie's (2007) main assertion is that dis- 
trust is often more defensive in nature. Such defensive dis- 
trust is said to bias judgment in a way that helps protect 
the self-esteem or material interests of the consumer from 
perceived threats (see also Chen and Chaiken 1999; Darke 
and Chaiken 2005). Initial evidence for their defensive bias 
hypothesis was provided in a series of studies that used an 
experimental debriefing to inform participants that they had 
been deceived by an initial advertisement, followed by 
evaluations of a second advertisement for a different prod- 
uct, which was presented under the guise of a separate 
study. The results indicated that advertising deception led 
consumers to feel fooled or tricked, which caused them to 
adopt more negative attitudes both toward other products 
that were subsequently advertised by the same deceptive 
firm (specific distrust) and toward products from second- 
party advertisers that were unrelated to the initial source of 
deception (generalized distrust). Moreover, advertising 
deception led to negative attitudes, regardless of whether 
strong or weak arguments were included in the second 
advertisement. This result was consistent with the predicted 
defensive bias because accuracy-based processing should 
have produced greater differentiation between strong and 
weak arguments rather than uniformly negative responses. 
Information processing measures showed that consumers 
actively counterargued subsequent advertising from the 
same deceptive advertiser, whereas they engaged in a more 
heuristic processing when evaluating second-party adver- 
tisements (referred to as defensive stereotyping). In the lat- 
ter case, consumers evoked the negative stereotype that, in 
general, advertisers are untrustworthy, which undermined 
the credibility of the second-party advertiser and thus low- 
ered the persuasive impact of the advertisement. Consistent 
with its defensive nature, defensive stereotyping was 
observed only when consumers were the direct victims of 
the advertising deception (i.e., when ego involvement was 
high) but not when they merely learned of the deception 
secondhand (i.e., when ego involvement was low). 

The defensive consumer framework suggests that adver- 
tising correction is likely to fuel much broader negative side 
effects than has been demonstrated in the existing correc- 
tion literature. Because corrective advertising essentially 
informs consumers that they have been misled, this form of 
regulation is likely to make consumers feel fooled or 
tricked, which should make it more difficult to persuade 
them through further advertising. We conducted a series of 
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studies to test whether corrective messages of the kind man- 
dated by the FTC are capable of producing more general- 
ized negative effects on advertiser reputation and subse- 
quent advertising. Consistent with previous research (Darke 
and Ritchie 2007; Pollay 1986), we predicted that ad cor- 
rection would lead to more negative responses toward sub- 
sequent advertising that came from both the target firm and 
second-party firms. According to the defensive bias hypoth- 
esis, these effects should operate through perceptions of 
distrust. In the case of the target firm, this would involve 
specific distrust inferred from prior experiences with the 
same firm. For second-party advertisers, it would be a more 
generalized form of distrust, in which information about the 
deceptive practices of one advertiser would lead to distrust 
of other advertising sources as well. We tested these carry- 
over effects of correction across a wide range of dependent 
variables (e.g., perceptions of the firm, specific product 
beliefs, global attitudes, purchase intentions), which have 
been of interest in the advertising correction literature 
(Wilkie, McNeill, and Mazis 1984). 

Another major goal of this research was to examine 
variables that could potentially moderate the predicted car- 
ryover effects of advertising correction. From a practical 
standpoint, knowledge of such moderators is helpful in 
making regulators aware of the situations that are most 
likely to produce unwanted side effects and provides them 
with strategies to cope with these problems. Moreover, 
identifying moderator variables is important from a theo- 
retical standpoint because this will help better define the 
scope of the defensive consumer model. It has proved diffi- 
cult to identify such moderators in prior research on con- 
sumer defensiveness. Darke and Ritchie (2007) attribute 
this partly to the notion that the defensive distrust evoked 
by advertising deception produces a persistent bias in con- 
sumer judgment that is difficult to counteract because it 
causes consumers to ignore or distort other information that 
is objectively relevant and would otherwise suggest that the 
persuasive source should be trusted (see also Kramer's 
[1998] work on paranoid cognition). 

A potential moderator we examined was the source of 
the corrective information (i.e., whether the correction came 
from the company itself or from a regulator). As we men- 
tioned previously, in general, prior research has suggested 
that correction can carry over to related product attributes, 
regardless of whether the correction source is а regulator or 
the company (Dyer and Kuehl 1978; Mazis and Adkinson 
1976). However, there is some evidence that corrections 
from the firm itself can lead to more positive evaluations of 
the firm whereas corrections from a regulator lead to more 
negative evaluations (Dyer and Kuehi 1974). Therefore, it 
was possible that corrections from the firm would be less 
likely to produce negative carryover effects to other prod- 
ucts (whether from the same or a different advertiser) than 
corrections from a regulator. 

We also examined the role of firm reputation (positive 
prior reputation versus unknown prior reputation) as a 
potential moderator. Specifically, we manipulated tbe prior 
reputation of both tbe offending firm and the second-party 
firm. Research in the organizational area has suggested that 
preexisting trust can buffer firms against negative evalua- 
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tions in the face of specific instances of trust violation 
(Robinson 1996). Therefore, a positive reputation could 
insulate the offending firm from the negative effects of cor- 
rection. Furthermore, second-party firms should be insu- 
lated from any carryover effects of correction, according to 
Rotter's (1967) social learning view. He argues that specific 
sources of trust (based on the prior behavior of that specific 
advertiser) should be preferred to more general sources of 
trust (based on the behavior of other advertisers) because 
the former are objectively more diagnostic. Therefore, gen- 
eralized distrust would be expected to exert an influence on 
judgment primarily when more specific trust has not 
already been established. As a result, advertising correction 
should be less likely to carry over to second-party firms that 
already have a positive reputation than to firms with an 
unknown reputation. 

Finally, we investigated the moderating effects of vari- 
ous responses by the corrected firm. In many instances, 
these firms have the opportunity to address corrections, in 
the correction notice itself, in subsequent media releases, or 
through direct communications with their customers. In the 
final study, we examined common techniques that have 
been shown to repair or maintain trust—namely, apologies, 
denials, and explanations. Although existing evidence sug- 
gests that all these strategies can be effective in combating 
the negative reactions associated with violations of trust, the 
key issue seems to be the extent to which the response 
assures consumers that similar events will not happen in the 
future (Kim et al. 2004; Schlenker 1980). The role of the 
firm's response to advertising correction has not been previ- 
ously addressed in either the corrective advertising litera- 
ture or the defensive consumer literature. 


Experiment 1 


Experiment 1 examines whether advertising correction can 
cause a negative bias in judgment that goes beyond what 
has been demonstrated in the previous correction litera- 
ture—that is, whether it leads consumers to be more nega- 
tive when judging (1) other products advertised by the 
offending firm and (2) products advertised by second-party 
firms that are unrelated to the offender. This study also 
examines the potential moderating role of the correction 
source and the reputation of the offending firm. Finally, we 
consider two potential underlying mechanisms for the 
phenomenon. Although we predict that the broader effects 
of correction will operate through heightened perceptions of 
distrust in accordance with the defensive consumer model, 
it is possible that other mechanisms explain these effects. In 
particular, Johar (1996) shows that advertising correction 
can produce side effects through the negative affect evoked. 
Therefore, it seems important to test both potential mecha- 
nisms in this initial study. 


Method 


Participants and design. Participants were 219 under- 
graduate marketing students at a Canadian University. They 
were randomly assigned to a condition in a 3 (ad correction: 
company correction, regulator correction, no correction) x 2 
(offender reputation: good, unknown) x 2 (second adver- 


tisement: same company, different company) between- 
subjects design. The main dependent measures were beliefs 
pertaining to a second product advertised by either the same 
firm or a different firm after the initial correction. Trust in 
the second firm and negative affect served as potential 
mediators. 

Procedure. The procedure was similar to prior studies of 
corrective advertising (e.g., Wilkie, McNeill, and Mazis 
1984), particularly that of Johar (1996). There were three 
phases to the procedure, which were administered as three 
separate studies. First, participants read the initial advertis- 
ing claim and received the reputation and ad correction 
manipulations. Second, they completed an unrelated filler 
task designed to disassociate the initial correction from the 
second advertisement. Third, they evaluated the second 
advertisement, which came either from the same firm that 
made the initial claim or from a different firm. 

In the first phase of the study, we manipulated the repu- 
tation of the first firm and whether its advertisement was 
corrected. All participants were shown advertising claims 
from three different firms in the form of ad copy and were 
asked to indicate whether they were favorable (43) or 
unfavorable (-3) toward each product. The reputation and 
ad correction manipulations were both applied to the first of 
these firms. In the good-reputation condition, participants 
were told that the target brand was a household name in the 
southern United States, had been in business for more than 
60 years, was sold in all the large supermarket chains in the 
region, maintained a positive reputation with its customers, 
and had won several prestigious industry awards for its reli- 
able service and quality products. In the no-reputation con- 
dition, no information was given about the firm. The claim 
featured a (fictitious) brand of muffin mix and stated that 
the "muffin mix has 5096 more chocolate chips than any 
other leading brand." This was based on an actual mislead- 
ing claim made by a major manufacturer described in a 
news release from the BBB (www.bbb.org). Participants 
were asked to indicate how much chocolate they thought 
the target mix had relative to other leading brands, from 0 
("same amount") to 6 (“а lot more"). Pretesting determined 
that 10096 of the participants (ЇЧ = 73) thought that the 
claim implied that the target brand had more chocolate. 

Participants in the two deception conditions were then 
given a correction for the muffin mix claim. This stated that 
some consumers had understood the claim to mean that the 
target muffin mix contained more chocolate but that this 
was not true because several other brands actually had more 
chocolate by weight. The correction further stated that 
though it was true that the target mix had тоге chocolate 
chips in terms of the actual number of chips, these chips 
were smaller than those in mixes from competing brands. 
This deceptive claim was reasonably subtle in that even 
though it was misleading, it was literally true. This is simi- 
lar to what Dyer and Kuehl (1974) call a “low-strength cor- 
rection.” In the regulator condition, the correction appeared 
to have been published by the BBB, whereas in the com- 
pany condition, the correction was attributed to the com- 
pany itself. Participants in both correction conditions then 
rerated their favorability toward the product. Control par- 


ticipants read the initial advertising claims and completed 
the initial ratings, but they received no corrective informa- 
tion. All participants then rated their affective reactions by 
indicating, from 0 ("not at all”) to 6 (“very much”), the 
extent to which they currently felt bad, sad, angry, and irri- 
tated (а, = .82). Finally, participants evaluated the target 
company’s reputation using a measure from the work of 
Johar (1996). The target company was rated from 0 
(“strongly disagree") to 6 (“strongly agree") on the follow- 
ing items: a good company, a bad company (reverse 
scored), a nice company, and I like the company (0 = .84). 

When participants finished the first phase of the study, 
they then completed an unrelated filler task that involved a 
study about their perceptions of a shopping trip. This took 
approximately 15 minutes and was primarily helpful in fur- 
ther separating the correction from evaluations of the sec- 
ond advertisement. Jn the final phase of the study, partici- 
pants examined an advertisement for a fictitious product 
called Beecham’s Toasted Oat Bran cereal, which came 
either from the same company that made the initial claim 
about the muffin mix or from a different company. This was 
achieved by varying the name of the company in the initial 
muffin mix advertisement. Half the participants were told 
that the name of the muffin mix company was Depuis, and 
the other half were told that the name was Beecham’s (both 
fictitious brands). The name of the second company was 
always Beecham’s so that the source of the muffin mix 
claim and the cereal advertisement was different for some 
participants but the same for others. In the same-company 
condition, this phase of the study was presented as a contin- 
uation of the first study. To avoid any association between 
the muffin mix company and the breakfast cereal company 
in the different advertiser condition, it was presented as a 
different experiment and was completed in a different room 
with a different experimenter. Suspicion probes indicated 
that these participants made no connection between the dif- 
ferent phases of the study. 

The advertisement included five arguments that pretest- 
ing showed were strong: 100% natural, low fat, good source 
of fiber, heart healthy, and sweetened only with molasses. 
After examining the advertisement, participants completed 
several measures designed to capture various product 
beliefs, including whether they believed the cereal was 
healthful and nutritious and whether they believed they 
would purchase the product (rated from 1 to 9). We aver- 
aged responses into a single index of product beliefs (а, = 
-76), for which higher scores indicated more positive 
responses to the product. Participants also indicated the 
extent to which they trusted the advertiser responsible for 
the second advertisement (from 1 to 9) using items labeled 
“not credible/credible,” “unreliable/reliable;” "untrustworthy/ 
trustworthy,” and "inexpert/expert" (а, = .89). In a final 
questionnaire, participants identified whether they received 
à correction from the company itself, a correction from the 
BBB, or no correction at all. This measure showed that 89% 
of the respondents were able to identify correctly the cor- 
rection condition to which they were assigned. Finally, they 
rated (from 0 to 6) whether they felt fooled and tricked by 
the initial advertisement (“not at all/very much so"; а, = 
.90). 
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Results and Discussion 


Initial correction. Postcorrection attitudes toward the 
muffin mix were more negative in both the company- 
correction and regulator-correction conditions (Ms = —61 
and —23) than in the control condition (М = .94; ЕС, 
207) = 46.55, p « .001), indicating that both had a signifi- 
cant impact on evaluations of this initial target product. Par- 
ticipants also felt tricked in both the company- and the 
BBB-correction conditions compared with those in the con- 
trol condition (Ms = 4.35 and 3.98 versus 2.30; FQ, 201) = 
48.28, p « .001), suggesting that defensive goals were 
evoked. Evaluations of the company responsible for the 
muffin mix claim showed significant main effects for the 
reputation (F(1, 207) = 4.08, p « .05) and correction 
(FQ, 207) = 42.12, р < .001) factors. Means revealed that 
the firm with a positive prior reputation was regarded more 
favorably than the firm with an unknown reputation (M = 
2.97 versus 2.82). However, evaluations of the firm were 
less favorable in both the company- and the regulator- 
correction conditions than in the control condition (Ms = 
2.66 and 2.90 versus 3.64; p « .001), providing additional 
support for the notion that corrective advertising can under- 
mine the firm's reputation (Johar 1996). 


Evaluation of subsequent advertisement. The analysis of 
variance (ANOVA) for beliefs about Beecham's cereal (the 
product in the second advertisement) showed the predicted 
main effect (F(2, 207) = 5.45, p « .01). The means indicated 
that compared with the control condition (M = 5.48), cor- 
rections from both the company (M = 4.74) and the BBB 
(M = 4.86) induced more negative beliefs toward the second 
product (р < .01). There were no other significant effects for 
this measure (p > .15). These results suggest that ad correc- 
tion was capable of inducing more negative beliefs toward 
the second product and that this occurred regardless of the 
source of the correction, regardless of whether the second 
advertisement came from the same company or a different 
company, and regardless of the prior reputation of the 
offending firm. 

The ANOVA for the trust measure revealed a similar 
pattern of results. Correction had a significant main effect 
(F(2, 207) = 3.82, p « .05), with lower levels of trust 
observed following correction from either the company or a 
regulator than in the control condition (Ms = 5.00 and 4.96 
versus 5.48; p < .05). However, the reputation manipulation 
did not have a significant effect on trust (F(1, 207) = 1.07, 
p = .30). Given that our initial analyses indicated that, in 
general, participants were more favorable toward the firm 
with a more positive reputation, the lack of a reputation 
effect on the trust measure suggests that participants made 
some distinction between liking the firm and trusting the 
firm. 


Mediation. We computed path analyses (in accordance 
with Baron and Kenny 1986) to examine whether trust was 
a significant mediator for the observed correction effects on 
product beliefs, as the defensive consumer model predicted. 
We dummy-coded the correction conditions (control = 0, 
and experimental conditions — 1) and then computed the 
following regressions: (1) beliefs regressed on correction, 
(2) beliefs regressed on both correction and trust, and (3) 
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trust regressed on correction. These analyses showed that 
the predicted mediated path was significant (correction 
trust — beliefs; Bs = —18 and .46, ps < .01 and .001; 
Sobel’s z = 2.55, p « .01) and that the effect of correction on 
beliefs was substantially reduced when we accounted for 
the mediator (В = —22 reduced to —.14). 

We computed similar path analyses using negative 
affect rather than trust as the potential mediator. These 
analyses showed that though correction exerted a significant 
influence on negative affect (B — .18, p « .01), the impact of 
negative affect on beliefs was marginal (В = —.11, р < 10). 
In addition, including this mediator variable in ће path 
analysis produced only a minimal reduction in the effect of 
correction on beliefs (B = —22 reduced to —.20). A Sobel’s 
test indicated that the path mediated by negative affect was 
not significant (z = 1.42, p > .15). Overall, these findings 
are consistent with the notion that distrust rather than nega- 
tive affect mediated the impact of ad correction on evalua- 
tions of the second product. 


Summary. Our findings show that correction reduced 
the persuasiveness of subsequent advertising from both the 
corrected firm and an unrelated second-party firm. These 
findings are consistent with our predictions regarding the 
carryover effects of corrective advertising. Moreover, the 
process analyses indicated that these carryover effects were 
due to the distrust created by the correction (consistent with 
the defensive consumer model) rather than the negative 
affect induced. Notably, the source of the correction made 
little difference; corrections from the firm and the BBB 
both produced generalized negative effects. Finally, 
although the firm’s reputation had positive effects on liking 
of the firm, these feelings apparently did not provide any 
meaningful protection against the carryover effects of cor- 
rective advertising. Part of the reason may have been that 
reputation, as we manipulated it here, was not specifically 
based on trust in the firm (Rotter 1967). We reexamined this 
hypothesis in Experiment 2 using a reputation manipulation 
based more directly on trust. 


Experiment 2 


Experiment 2 focuses on the second-party effects of ad cor- 
rection and complements the first study in several respects. 
The main focus here was knowing whether the reputation of 
the second firm, rather than the reputation of the corrected 
firm, could buffer negative carryover effects. In addition, 
firm reputation was based primarily on liking in Experiment 
1 rather than on trust. However, recent studies have sug- 
gested that trust is an especially important aspect of brand 
reputation (Erdem and Swait 2004). Furthermore, as we 
mentioned previously, Rotter (1967) argues that a rational 
consumer should prefer specific information about the trust- 
worthiness of the second firm to more general sources of 
distrust related to the actions of other firms because the for- 
mer is objectively more diagnostic. If so, correction and the 
prior reputation of the second firm should interact, such that 
correction is less likely to carry over to a trusted second- 
party firm than to an unknown firm (interaction prediction). 
However, in contrast to Rotter’s normative or accuracy- 
based predictions, the defensive processing view posits that 


distrust can lead to a persistent bias that causes consumers 
to ignore, suppress, or otherwise minimize information that 
contradicts their initial suspicions (Darke and Ritchie 2007; 
Kramer 1998; Kunda and Sinclair 1999). If so, the distrust 
evoked by correction might continue to exert a negative 
impact even for second-party firms that have otherwise 
trustworthy reputations (main-effect prediction). Therefore, 
it was possible for us to make two competing predictions: 
(1) the accuracy prediction that correction and second-party 
reputation should interact and (2) the defensive bias predic- 
tion that the distrust generated by the initial correction 
would continue to exert a significant impact on the second- 
party firm despite knowledge that the second firm was 
highly trustworthy. 

We also included a manipulation of argument strength 
to examine further whether correction induced defensive 
versus accuracy-based processing. The predictions here 
mirrored our previous predictions. The defensive bias pre- 
diction (Darke and Ritchie 2007) was that evaluations of the 
second-party advertisement should be more negative regard- 
less of argument strength (main-effect prediction), whereas 
the accuracy prediction (Priester and Petty 1995) was that 
correction should evoke greater differentiation between 
strong and weak arguments (interaction prediction). 

We also made several changes to support the generaliza- 
bility of our initial findings. In particular, this second study 
closely followed Darke and Ritchie's (2007) procedure and 
differed from Experiment 1 in several respects. First, the 
form of deceptive advertising in Experiment 2 was more 
blatant than the subtle misrepresentation in Experiment 1. 
Second, the correction we used was less specific in that it 
suggested only that the target product seemed better than it 
really was, rather than explaining exactly which claims 
were wrong and why. Finally, the corrective information in 
Experiment 2 was delivered in the form of a fake debriefing 
by the experimenter rather than as an explicit corrective 
advertisement. This had the advantage of making the cor- 
rection seem incidental, thus reducing the chance of any 
demand effects that might be associated with presenting a 
corrective advertisement. This procedure is similar to learn- 
ing about corrective information through word of mouth 
(Tyebjee 1982). 


Method 


Participants and design. One hundred fifty-one under- 
graduate students were randomly assigned to one of the 
conditions in a 2 (correction: yes, no) x 2 (prior reputation 
of second firm: trusted, unfamiliar) x 2 (argument strength: 
strong, weak) experimental design. This study examined 
only second-party effects, meaning that the second adver- 
tisement always came from a different advertiser. Product 
attitudes served as the main dependent measure, and trust in 
the second advertiser served as the mediator. 


Procedure. Аз we mentioned previously, the procedure 
closely followed that of Darke and Ritchie (2007, Experi- 
ment 1), and further details can be found there. The experi- 
ment was conducted in two phases under the guise of two 
unrelated studies. The first phase manipulated ad correc- 
tion. Participants read an advertisement for the Tilgo 2400 
dishwasher that contained several positive product claims 


designed to elicit favorable evaluations and then rated the 
Tilgo 2400 in terms of quality, durability, and value. 
Pretesting revealed that more than 90% of respondents rated 
the Tilgo 2400 average or better on each measure. Ad cor- 
rection was then manipulated through the debriefing. The 
experimenter explained that the ethics committee required 
him to reveal any aspects of the study that were deceptive 
and went on to say that though the advertisement seemed to 
suggest the Tilgo 2400 was a relatively good dishwasher, it 
was important that respondents know it was actually one of 
the worst dishwashers on the market. In the control condi- 
tion (no correction), no feedback about the product was 
given in the debriefing. This procedure is similar to what 
Dyer and Kuehl (1974) call a "high-strength correction" 
and to what Hunt (1973) calls “blatant deception.” 

АП participants were then sent to another laboratory to 
complete what they were told was a different study with a 
different experimenter. Again, a suspicion probe showed 
that participants made no connection between the studies. 
Participants were asked to read an in-store pamphlet from a 
different advertiser that compared the XT-100 answering 
machine with two name-brand models on six attributes 
(based on Chaiken and Maheswaran 1994). In the strong- 
arguments version, the XT-100 was superior on four impor- 
tant attributes (digital recording, call display, advanced 
message retrieval, and personal memo) and inferior on two 
unimportant attributes (number of colors and number of 
phone lines). In the weak-arguments version, the XT-100 
was inferior on two important attributes (digital recording 
and call display) and superior on four unimportant attributes 
(number of colors, number of phone lines, number sizes, 
and specialty bolts). We also manipulated the prior reputa- 
tion of the second advertiser by suggesting that the adver- 
tisement was either from the Telus Store or from an unfa- 
miliar (fictitious) retailer called Bestway. A pretest 
indicated that Telus was the most trusted electronics retailer 
in the local market and that it was considered more trust- 
worthy (M = 7.01 versus 5.21; р < .001) and knowledgeable 
(M = 7.38 versus 5.17; p « .001) than Bestway. 

After reading the XT-100 advertisement, participants 
indicated their product attitudes using the following items: 
"bad/good;" “uselesshiseful,” "negative/positive;" *unfavorable/ 
favorable,” and “not appealing/appealing" (rated from 1 to 
9; а = .97). Trust in the second advertiser was rated using 
the items from Experiment 1 (© = .93). This served as both 
a mediator and a check for the reputation manipulation. As 
a check for argument strength, participants rated the num- 
ber of both positive and negative features offered by the 
XT-100 (1 = “few,” and 9 = “many”; r = -.50). Finally, par- 
ticipants indicated whether they felt fooled and tricked by 
the initial dishwasher advertisement (r = .88). 


Results and Discussion 


Initial analyses. We computed a 2 (correction) x 2 
(reputation) x 2 (argument strength) ANOVA for each 
dependent measure. Checks confirmed that participants in 
the correction condition felt fooled (M — 6.55 versus 3.82) 
compared with those in the control condition (Fs(1, 143) = 
84.60, p « .001), suggesting that defensive goals were 
evoked. The checks for argument strength also indicated 


Damage from Corrective Advertlsing / 87 


that this manipulation was successful (M = 4.14 versus .21; 
F(1, 143) = 65.96, p < .01). Finally, the manipulation of the 
second advertiser's reputation was effective; participants 
trusted the Telus Store more than the unfamiliar Bestway 
store (M = 6.54 versus 5.34; F(1, 143) = 24.12, p « .001). 
There was also a significant correction main effect, such 
that correction for the first advertisement led to lower trust 
in the second advertiser than it did for those in the control 
condition (M = 5.65 versus 6.23; F(1, 143) = 5.73, p « .05). 
No other effects were significant (p > .30). 

Main analyses. As we predicted, participants in the cor- 
rection condition formed less favorable attitudes toward the 
product in the second advertisement than those in the con- 
trol condition (М = 5.95 versus 6.71; F(1, 143) = 11.31, p< 
.001). Strong arguments also led to more favorable attitudes 
than weak arguments (M = 7.10 versus 5.57; F(1, 143) = 
45.68, p « .001), suggesting that participants recognized 
the relative strengths and weaknesses. No other effects 
were significant (p » .30). This meant that neither the cor- 
rection x reputation interaction nor the correction X argu- 
ment interaction was significant. In conjunction with the 
main effect of correction, the findings suggest that the car- 
ryover effects of correction persisted even when the second 
firm had a trusted reputation and provided strong arguments 
for purchasing the target product. Overall, these results are 
consistent with the bias prediction rather than the accuracy 
prediction. 

Finally, we confirmed mediation using the same regres- 
sion procedure described in Experiment 1. This showed that 
the predicted correction — adtrust2 — attitude path was 
significant (Bs = —18 and 47, ps < .05 and .001; Sobel’s z = 
2.10, p < .05), and the inclusion of trust as a mediator 
reduced the effects of correction on attitudes (B — —24, p « 
' 005, reduced to В = —16, р < .05). 

Summary. In a replication of the results of Experiment 
1, correction had a negative impact on attitudes toward 
products that were advertised by second-party firms, and 
these effects were mediated by distrust in the second adver- 
tiser. Furthermore, we observed the negative effects of cor- 
rection regardless of whether the supportive arguments 
were strong or weak (favoring the bias prediction). Overall, 
these findings are highly consistent with those of Darke and 
Ritchie (2007) and suggest that a similar mechanism oper- 
ated here. That is, corrective advertising led to negative car- 
ryover effects through generalized distrust, which nega- 
tively biased attitudes.! 

Importantly, the findmgs pertaining to the combined 
effects of ad correction and the prior reputation of the sec- 
ond advertiser were also consistent with the bias hypothe- 
sis. The carryover effect proved to be relatively indiscrimi- 
nate in that it affected both the unknown advertiser and the 
advertiser that was otherwise considered highly trustworthy. 
This was noteworthy given that this store was selected 
because it was the most trusted retailer in the local market. 
Moreover, the manipulation checks showed that participants 





lThought listings (not reported) indicated that the carryover 
effects of correction operated through heuristic processing in the 
sense that their effects were not mediated by cognitive elabora- 
tions. This finding is consistent with a defensive stereotyping 
mechanism (Darke and Ritchie 2007). 
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clearly recognized the specific trustworthiness of the well- 
known store when they were asked directly, and yet this 
information was not factored into judgments about the 
product in the second advertisement. Although these results 
may seem somewhat surprising given the normative pre- 
scriptions of social learning theory (Rotter 1967), they are 
nonetheless consistent with the suggestion that defensive 
distrust is capable of creating a persistent bias in consumer 
judgment. Specifically, the defensive model suggests that 
distrust can cause consumers to suppress or disregard infor- 
mation that might otherwise bolster the credibility of the 
message source (Kramer 1998; Kunda and Sinclair 1999; 
see also Grayson and Ambler 1999). In our case, the distrust 
generated by the initial correction caused consumers to dis- 
regard the specific information they had about the trustwor- 
thiness of the second advertiser, resulting in a negative bias. 


Experiment 3 


We conducted a third experiment in a further attempt to 
identify the limiting conditions for the carryover effects of 
correction on second-party advertisements. Our initial stud- 
ies found that the carryover effects of correction were rather 
robust in that the reputation of the initial and second-party 
firms provided little benefit in buffering against these 
effects. Experiment 3 revisited this question by examining 
the effectiveness of a third-party certification of the trust- 
worthiness of the second firm. We designed this manipula- 
tion to mimic the existing BBB (see www.bbb.org) certifi- 
cation programs. This organization has a long tradition of 
certifying local companies and has recently undertaken an 
online endorsement program that allows approved compa- 
nies to display a seal on their Web site. The BBB also offers 
local and international awards for companies that show an 
outstanding commitment to ethical business practices. Such 
third-party certifications are known to have a powerful 
impact on consumer perceptions of firm trustworthiness 
(Aiken and Boush 2006). In combating the generalized 
effects of advertising correction, third-party certification 
should provide an independent source of information that 
suggests that the second firm is trustworthy. 

Experiment 3 also included a condition in which the 
information about the second product was attributed to 
Consumer Reports magazine instead of to an advertiser. 
Such information should be highly trusted because the 
product information comes from an independent, objective 
source (Kelley 1972). Thus, the carryover effects of correc- 
tion should have little impact on product evaluations when 
the information comes from Consumer Reports. 

This study also examined the effects of correction 
across a broader range of products. In our initial experi- 
ments, there was a reasonable degree of similarity between 
the products in the corrected advertisement and the second 
advertisement (both products were packaged goods in 
Experiment 1, and both were electronic goods in Experi- 
ment 2). This is also true of prior studies by Darke and 
Ritchie (2007). Experiment 3 examined whether the correc- 
tion effects would extend across very different product cate- 
gories (ie., from a muffin mix claim to а second-party 
advertisement for a portable stereo). Finally, this study used 


a'broader sample of consumers, and it was completed out- 
side of a formal laboratory setting to increase external 
validity. 

Method 


Sample. Participants were recruited through an Internet 
sampling service operated by Syracuse University. Two 
hundred fifty-seven participants completed the study. They 
ranged in age from 18 to 71 years (M = 38.64 years), and 
57.74% of the sample was male. The highest level of educa- 
tion attained by the sample was as follows: 1.67% had less 
than a high school education, 19.67% bad a high school 
education, 7.95% had an associate’s degree, 32.64% had 
some college but no degree, 21.34% had a college degree, 
4.60% had completed some graduate work, and 12.14% had 
a graduate degree. 

Design. We employed a 3 (correction: company, regula- 
tor, none) x 3 (source of second product information: 
unknown company, BBB-endorsed company, Consumer 
Reports) between-subjects factorial design. Attitudes 
toward the second product served as the main dependent 
measure. 


Procedure. The procedure was similar to Experiment 1, 
except that participants completed the study online at a time 
and place of their own choosing. This provided greater real- 
ism by avoiding the somewhat artificial nature of experi- 
ments conducted in a laboratory setting. Participants were 
told that they would be completing separate studies con- 
ducted by researchers at two different universities. They 
began by examining and rating the same set of initial ad 
claims used in Experiment 1, including the chocolate chip 
muffin mix claim. They were then randomly assigned to 
receive a correction from a regulator, the company itself, or 
no correction. The regulator that delivered the correction in 
this study was the FTC. The ad corrections were delivered 
in a mock Web page purported to be from the news release 
section of the FTC's/company's Web site. To ensure that the 
correction would be realistic and credible, this Web page 
had a highly professional look and feel and carried a URL 
that made it appear that it originated from the organization 
in question. With the same measures as in Experiment 1, 
participants then rated their attitudes toward the firm and 
the muffin mix and indicated whether they felt tricked and 
fooled by the claim. 

Participants were then forwarded through a link to a 
second study, ostensibly conducted at a different university. 
The logos, typefaces, and URLs differed for each study and 
corresponded to the styles used by the universities that were 
ostensibly conducting the studies. Suspicion probes indi- 
cated that participants did not make any connection 
between the two studies. In this second phase, participants 
were shown information about a portable stereo. This 
included a picture of the product and information about five 
strong features selected on the basis of pretesting (CDR/ 
RW compatible, plays MP3 files, extended battery life, 
advanced remote control, flexible programming, and 
enhanced bass response), the brand name and model num- 
ber (AIWA PSR-4080), and the price ($129). 

The source of the stereo information always differed 
from the source of the initial muffin mix claim. In the Con- 


sumer Reports condition, the stereo information was pre- 
sented on a Web page that appeared to be from the Con- 
sumer Reports Web site, and in the two advertiser condi- 
tons, it was presented on a Web page from a fictitious 
retailer called Kingston Appliances and Electronics. Preced- 
ing this information, participants in the BBB-endorsed 
advertiser condition were told that Kingston had received 
an award from the BBB for its leadership in business ethics 
regarding its relationships with consumers and suppliers 
(based on actual awards made by the BBB each year). The 
firm's Web site also included the BBB's ethics award logo. 
No such information was provided in the unknown adver- 
tiser condition. 

Participants then completed the attitude measures 
described in Experiment 2 (a = .95), followed by several 
experimental checks. Specifically, they identified the source 
of the product information from a list of options (Consumer 
Reports, Bestway, 2001 Audio Video, Circuit City, or 
Kingston), they rated the trustworthiness of this source 
using the scales from Experiment 2 (а. = .96), and. they 
identified the source of the corrective information (com- 
pany or FTC). 


Results and Discussion 


Initial analyses. We computed a 3 (correction) x 3 
(source of second product information) between-subjects 
ANOVA for each of the dependent measures. Initial analy- 
ses showed that 84% of respondents were able to identify 
accurately the source of the correction. In addition, partici- 
pants reported that they felt tricked by the correction 
regardless of the source (Ms = 4.61 and 4.69 versus 3.10, 
F(2, 225) = 22.59, p < .001), suggesting that defensive goals 
were induced. The initial firm was also evaluated more 
negatively when the correction came from either the com- 
pany itself or the FTC (Ms = 3.95 and 3.68) than it was in 
the control condition (M = 4.22; F(2, 248) = 14.35, р < 
.001). Post hoc analyses showed that all three conditions 
were significantly different from one another (p < .05). Fur- 
thermore, evaluations of the first product were significantly 
lower following correction from both the company and the 
FTC than they were in the control condition (Ms = 3.22 
and 3.98 versus 4.39; F(2, 247) = 24.30, р < .001). Post hoc 
analyses indicated that the two correction conditions dif- 
fered from the control conditions (p < .001), but not from 
each other (p > .25). Thus, both company and FTC correc- 
tions had the predicted impact on product evaluations, repli- 
cating Experiment 1. Overall, these analyses suggest that 
the corrective advertisement for the muffin mix was effec- 
tive. In addition, 91% of the participants correctly identified 
the source of the information about the second product, and 
participants indicated that they trusted Consumer Reports 
and the firm endorsed by the BBB (Ms = 5.70 and 4.76) 
more than the unknown company (M = 4.44; F(2, 239) = 
28.30, p < .001). This suggested that the manipulation of 
the second information source for the stereo was successful. 


Main analyses. The ANOVA for attitudes toward the 
second product showed the predicted interaction (F(4, 
248) = 2.89, p < .05). Follow-up tests within each level of 
the secondary information source indicated that correction 
had a significant, negative impact on attitudes when the 
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second-party advertiser was unknown (F(2, 248) 2 4.33, p « 
05). As in our previous studies, corrections from both the 
company and the regulator in the unknown-firm condition 
(Ms = 4.86 and 4.64) produced more negative attitudes 
toward the second product than they did in the control con- 
dition (M = 5.57; ps < .06 and .01). In contrast, ad correc- 
tion had no significant effect when the information about 
the stereo came either from the company endorsed by the 
BBB (Ms = 4.75, 5.26, and 5.30; F(2, 248) = 1.75, p > .17) 
or from Consumer Reports (Ms = 5.07, 5.57, and 5.03; F(2, 
248) = 1.94, p > .14). 

As we predicted, the carryover effects of ad correction 
were diminished when the subsequently encountered prod- 
uct information was attributed to a nonmarketing source 
(Consumer Reports) or when an independent regulatory 
body (the BBB) specifically endorsed the firm with respect 
to its ethical marketing behavior. Thus, this study identifies 
important limiting conditions for the carryover effects 
induced by advertising correction that are of both practical 
and theoretical significance (see “General Discussion”). 


Experiment 4 


We conducted Experiment 4 to determine whether the 
carryover effects on second-party advertisements would last 
for a practically meaningful amount of time. We considered 
this question in two ways. First, we inserted a lengthy delay 
between the correction and the evaluation of the second 
advertisement to determine whether the effects would carry 
over to advertisements that appeared several days later. The 
second sense in which we examined the temporal nature of 
correction was to test how long the negative evaluations 
would persist after they were established. Naturalistic 
experiments indicate that the legitimate effects of ad correc- 
tion on targeted beliefs can persist for more than a week 
(e.g., Mizerski, Allison, and Calvert 1980). We anticipated 
similar results for the negative side effects of correction. 
However, other evidence indicated that these negative 
evaluations might not last. In particular, the well-known 
sleeper effect demonstrated that negative evaluations that 
are generated by associating a message with a disreputable 
source can become more positive over time, as the associa- 
tion between the source and the message weakens (Hov- 
land, Janis, and Kelley 1953; Kumkale and Albarracin 
2004). This implies that the negative effects observed for 
second-party advertisements immediately after the correc- 
tion could revert to baseline levels over time. 

This study also further examined the similarity between 
the corrected firm and the second-party firm. Experiments 1 
and 2 examined firms that sold similar products, whereas 
Experiment 3 examined firms that sold very different prod- 
ucts. In Experiment 4, we systematically varied the similar- 
ity of the source and appearance of the advertisements to 
determine whether the carryover effects would depend on 
this factor. Specifically, several days after the correction, 
participants were given a second advertisement for a differ- 
ent product from (1) the same advertiser using the same ad 
format, (2) a different advertiser using a similar ad format, 
or (3) a different advertiser using a different ad format. This 
manipulation essentially varied the number of memory cues 
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related to the initial correction that were available when 
participants examined the second advertisement. A possible 
prediction here was that carryover effects would apply more 
to the corrected and similar second-party advertisers than to 
а dissimilar second-party advertiser because there were 
more shared memory cues for similar advertisers. However, 
the defensive distrust view suggests that ad correction 
should undermine trust in advertising as a whole, and there- 
fore we expected carryover effects for both similar and dis- 
similar firms. 


Method 


Sample. Two hundred twenty-one participants were 
recruited from an online panel. They ranged in age from 18 
to 79 years (M = 38.74 years), and 42.99% of the sample 
was male. The highest level of education attained was as 
follows: 1.8196 had less than a high school education, 
10.41% had a high school education, 10.86% had an associ- 
ate’s degree, 24.43% had some college but no degree, 
29.4196 had a college degree, 7.24% had completed some 
graduate work, and 15.84% had a graduate degree. . 


Design. We employed a 2 (correction: none, FTC) x 3 
(similarity of second advertisement: same, similar, differ- 
ent) between-subjects factorial design. Product evaluations 
for two advertisements shown after the ad correction served 
as the main dependent measure. 


Overview. The experiment took place over a period of 
days. АП parts of the study were completed online. On Day 
1, participants were exposed to the ad correction manipu- 
lation and then rated an advertisement for a different prod- 
uct from an unrelated firm. On Day 3, participants were 
e-mailed the first follow-up assessment, which included a 
previously unseen advertisement they were asked to evalu- 
ate. This enabled us to examine whether the initial correc- 
tion would still carry over to second-party advertisements 
after a time delay. On Day 7, participants were e-mailed the 
second follow-up questionnaire that asked them to reevalu- 
ate the product from the second-party advertisement they 
had seen on Day 1. We used this to examine whether these 
ratings would still show the defensive bias initially induced 
on the first day. 


Day 1 procedure. The procedure followed the basic 
design of our previous studies. Specifically, participants 
were told that they would be completing three separate 
studies conducted by researchers at three different universi- 
ties (serving as the correction phase, filler task, and evalua- 
tion phase of the procedure, respectively). In the correction 
phase, participants examined and rated the Tilgo 2400 dish- 
washer advertisement used in Experiment 2. In this case, 
the dishwasher advertisement was attributed to Bestway 
Appliances and Electronics (see Table 1). Then, participants 
received either a correction from the FTC or no correction. 
The correction stated that the dishwasher advertisement had 
led many consumers to conclude that the advertised product 
was one of the highest-quality dishwashers available but 
that independent testing had determined that it was actually 
the poorest performer on the market. After this, all respon- 
dents completed a distraction task in the form of a second 
study that took approximately 15 minutes. Finally, partici- 


TABLE 1 
Initial and Second-Party Advertisements Used in Experiment 4 
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pants completed the third study, in which they examined the 
Beecham's cereal advertisement (see Experiment 1) and 
then rated (from 0 to 6) whether they thought it was health- 
ful, nutritious, and good for them (a — .97). At the end of 
the session, all participants were informed that they would 
be sent some additional questions by e-mail after two days 
and again after seven days. Additional prizes were offered 
for completing these follow-up questions (three $100 gift 
certificates were awarded randomly). 


First follow-up procedure. The first follow-up question- 
naire was e-mailed to participants two days after the initial 
assessment, and these were completed an average of 5.96 
days after the Day 1 correction (this ranged between 2 and 
15 days later). We did this to examine whether the initial 
correction would still have a negative effect on a different 
product advertised at least 48 hours afterward. When par- 
ticipants clicked on the link in the e-mail, they were shown 
an advertisement for a portable stereo from the same retailer 
as the initial dishwasher advertisement (with an identical ad 
layout), a similar retailer (different name, but similar logo 
and layout), or a dissimilar retailer (different name and lay- 
out and no logo). The stated product benefits were identical 
in all three versions of the advertisement (see Table 1). Par- 
ticipants rated the stereo (from 0 to 6) in terms of its quality, 
durability, and whether 1t was good (a = .87). They were 
then asked to identify both the source of the dishwasher 
advertisement they had seen on Day 1 and the source of the 
stereo advertisement from a list of five possible options. 
One hundred eight participants completed this survey 
(48.8796 of the original sample). Participant loss was rela- 
tively even across experimental conditions, suggesting that 
this loss did not confound the results. 


Second follow-up procedure. Six days after the Day 1 
assessment, all participants were e-mailed a second follow- 
up questionnaire. This was completed an average of 9.40 
days after the Day 1 correction (this ranged between 6 and 
21 days later). When participants clicked the link in this 
e-mail, they were shown the same Beecham's cereal adver- 
tisement they saw on Day 1 and were asked to complete the 
same product ratings (® = .97). A total of 93 respondents 
completed this part of the study, or 42.0696 of the original 
sample. Again, participant loss was random with respect to 
experimental condition. This second follow-up served as a 
means of determining whether the negative effects of cor- 
rection on the Day 1 evaluations of Beecham's cereal would 
persist for more than a week or whether these evaluations 
would revert to the more positive baseline evaluation, as 
suggested by the sleeper effect. 


Results and Discussion 


Evaluations of Beecham's cereal (Day 1 and second 
follow-up). Correction served as a between-subjects factor, 
and we treated the evaluations for Beecham's cereal on Day 
1 and the second follow-up as a repeated measure. This 
ANOVA revealed a significant correction effect (F(1, 90) = 
8.39, p < .01), ш which correction again had a negative 
impact on evaluations of the second-party product com- 
pared with the controls (M = 3.17 versus 3.88). The 
repeated measure was also significant (F(1, 90) = 6.78, p « 
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.05), indicating that the overall evaluations became more 
negative over time (M = 3.68 versus 3.40), which is oppo- 
site to the direction predicted by the sleeper effect. Impor- 
tantly, the correction x repeated measure interaction was 
not significant (F(1, 90) = .95, p > .30), which, in conjunc- 
tion with the main effect of correction, indicates that the 
negative effects of correction were relatively constant over 
the nine-day period between these evaluations. 


Evaluations of the stereo advertisement (first follow- 
up). The checks indicated that, in general, participants were 
able to identify the source of the dishwasher they had seen 
on Day 1 and the stereo advertisement they saw in the first 
follow-up session approximately six days later. The per- 
centage of those who correctly identified the source of both 
advertisements in each of the similarity conditions was 
85.71% (same), 79.17% (similar), and 79.17% (different). 
In comparison, the proportion who mistook the source of 
the stereo advertisement for the source of the original dish- 
washer advertisement was 8.33% (similar) and 4.17% (dif- 
ferent). Overall, there was little confusion about the source 
of the two advertisements. 

We analyzed the evaluations of the stereo using a 
between-subjects ANOVA, specifying correction and simi- 
larity as factors. As we expected, correction had a negative 
impact on evaluations of the stereo advertisement made 
approximately six days later (M = 2.80 versus 2.45; 
F(1, 102) = 3.95, p « .05). In contrast, the effects of similar- 
ity and the interaction were not significant (F « 1). These 
findings provide evidence that the negative effects of cor- 
rection can extend even to products encountered in adver- 
tisements approximately six days afterward and that this 
was true regardless of the degree of similarity between the 
corrected advertisement and the target advertisement. 


Summary. The results suggest that the negative effects 
of advertising correction occur over a practically meaning- 
ful period in two respects. First, the immediate effects of 
correction on the second-party cereal advertisement were 
evident approximately nine days later. Second, advertising 
correction was capable of exerting a negative effect on a 
new advertisement approximately six days after the initial 
correction and regardless of the similarities between the two 
advertisements. The latter finding suggests that advertising 
itself triggered negative evaluations rather than any specific 
mernory cue or any confusion between the corrected adver- 
tisement and other advertisements. Overall, these findings 
provide reasonable evidence for the robustness of the carry- 
over effects of correction over time. In addition, given that 
consumers are typically exposed to more that 500 advertise- 
ments per day (Arens 2006), the results of this study sug- 
gest that a single instance of advertising correction has the 
potential to undermine a relatively large number of 
advertisements. 


Experiment 5 


The previous studies demonstrated that ad correction can 
create broad carryover effects for different products from 
both the same firm and an unrelated second-party firm 
through the distrust evoked. Furthermore, Experiment 3 


showed that second-party advertisers can insulate them- 
selves against this by securing certification from an inde- 
pendent regulatory body. However, the existing evidence 
does not provide much guidance in terms of the strategies 
that could be used by the firm directly involved in the cor- 
rection. Indeed, Experiment 1 found that an existing posi- 
tive reputation provided no protection for the offending 
firm, nor was there any apparent benefit when the firm pub- 
lished the corrective advertisement itself (i.e., regulator and 
firm corrections produced similar carryover effects). 
Experiment 5 examined the responses the corrected firm 
could offer to preserve the effectiveness of its future 
advertising. 

Although the simplest response to corrective advertising 
is to do nothing, a more active response might be better. 
Several approaches are possible, but the key factor seems to 
be whether the response convinces consumers that similar 
events are unlikely to occur in the future (Kim et al. 2004; 
Schlenker 1980). The first strategy is to offer an apology. 
This signals remorse (Lewicki and Bunker 1996) but also 
acknowledges wrongdoing (Schlenker 1980), thus leaving 
consumers to draw their own conclusions about the likeli- 
hood of recurrence. Another possibility is to deny that the 
advertisement was misleading. This has the advantage of 
fostering doubt in the minds of consumers regarding the 
supposed infraction, but it may signal that the firm has no 
intention of altering its behavior in the future (Kim et al. 
2004). Existing evidence in other contexts is mixed in terms 
of the effectiveness of apologies and denials in dealing with 
violations of trust (Kim et al. 2004). Another approach is to 
offer an explanation for what the advertisement was actu- 
ally intended to convey, and related research suggests that 
explanations can be highly effective in dealing with trans- 
gressions of trust in the political arena (McGraw 1991). 
Experiment 5 also included a no-correction condition and a 
correction-with-no-response condition to replicate the nega- 
tive correction effect in our previous experiments. Impor- 
tantly, these conditions can be compared with situations in 
which the firm responds with a denial, an apology, or an 
explanation to determine whether any of these strategies 
provide an advantage in dealing with the negative effects of 
correction. 


Method 


Sample. One hundred thirteen participants were 
recruited from a commercial consumer panel. They ranged 
in age from 19 to 81 years (M = 47.68 years), and 44.5% of 
the sample was male. Education levels were as follows: 
5.5% had less than a high school education, 17.396 had a 
high school education, 7.396 had an associate's degree, 
37.3% had some college but no degree, 17.396 had a college 
degree, 1.8% had completed some graduate work, and 
13.696 had a graduate degree. 


Design. The study used a one-way design with five lev- 
els of firm response to the correction: a no-correction con- 
trol group and a correction met with no response, an apol- 
ogy, a denial, or an explanation. Beliefs and evaluations 
regarding the second product served as the main dependent 
measures. 


Procedure. The procedure was similar to that of Experi- 
ment 3, except that both advertisements were always from 
the same firm. Participants began by rating an initial set of 
ad claims, including the Beecham's chocolate chip muffin 
mix claim, and were randomly assigned to receive an ad 
correction from the BBB or no correction at all. The correc- 
tions were delivered in a professional-looking Web page 
that appeared to originate from the news release section of 
the BBB's Web site. In the apology condition, the correc- 
tion also mentioned that Beecham's had apologized for the 
misunderstanding. In the denial condition, the correction 
mentioned that Beecham's still maintained that the adver- 
tisement was not misleading. Finally, in the explanation 
condition, the correction included a statement from 
Beecham's suggesting that its claim was meant to convey 
that the muffin mix actually had more chips in terms of the 
number of chips and that this was an advantage because 
more chips provided a more even distribution of the choco- 
late throughout the muffins. Note that regulators, such as 
the BBB and Advertising Standards, often provide informa- 
tion about the firm's response to charges their claims are 
misleading. 

Participants then completed a filler task that took 
approximately five minutes. After this, they examined the 
Beecham's Toasted Oat Bran cereal advertisement from the 
same firm involved in the correction (1.е., Beecham) and 
completed the ratings of product attitudes (0 = .92), product 
beliefs about the cereal's healthfulness (а, = .97), and trust 
in the advertiser (0 = .94) used in our previous studies. We 
also included a measure of perceptions of the future behav- 
ior of the firm, given that prior research indicated that the 
firm's response should have implications for such percep- 
tions (Kim et al. 2004; Schlenker 1980). Specifically, par- 
ticipants rated (from 1 to 7) the extent to which misunder- 
standings were likely to arise again for claims made by 
Beecham's and the extent to which misunderstandings 
might occur in the future (а, = .91). This measure was com- 
pleted only by participants in the correction conditions. In a 
final set of questions, participants identified whether they 
had received a correction and, if so, whether the company 
had apologized, disagreed, explained, or offered no 
response. Respondents were able to identify their condition 
correctly (x2(4) = 14.38, р < .01). 


Results and Discussion 


We observed the predicted main effects for both the belief 
(F(4, 107) = 3.74, p « .01) and the attitude (F(4, 108) = 2.18, 
p « .10) measures for the cereal in the second advertise- 
ment. Post hoc tests for beliefs showed that the no-response, 
denial, and apology conditions (Ms = 4.18, 4.33, and 4.33) 
were all significantly more negative than the no-correction 
control condition (M = 5.35; p « .01), whereas the explana- 
tion condition (M = 4.75) did not differ from the no- 
correction group (p > .15). Providing an explanation was 
also more positive than no response (p « .05), indicating 
that the company was able to protect itself from correction 
effects by using an explanation strategy. In contrast, the 
other strategies did not provide any significant improvement 
over no response (p » .60). We observed a similar pattern 
for attitudes, in which a correction with no response was 
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significantly more negative than no correction (M = 3.97 
versus 4.93; р < .01), but again, an explanation mitigated 
these negative effects (M = 4.75; p < .05 compared with no 
response, and p > .60 compared with no correction). Neither 
an apology nor a denial (Ms — 4.37 and 4.13) provided any 
benefit relative to no response (p > .25). These results offer 
consistent evidence that an explanation was effective in 
mitigating the effects of correction, whereas apologies and 
denials provided no significant protection for the firm. 

The experimental conditions also had a significant 
effect on the trust measure (F(4, 108) = 3.50, p « .01). Post 
hoc analyses showed that trust was significantly lower in 
response to a correction with no response, an apology, and a 
denial than it was in the no-correction condition (Ms = 3.76, 
3.69, and 3.57 versus 4.70; p « .005). Notably, trust was 
also marginally lower in the explanation condition (M = 
4.12) than in the no-correction condition (p « .10), suggest- 
ing that consumers were still at least somewhat distrustful 
of the corrected advertiser when it offered an explanation 
for its claim. Finally, there was a marginal effect of condi- 
tion on perceptions of the firm's future behavior (F(3, 90) = 
2.15, p « .10). Post hoc analyses showed that the same firm 
was perceived as less likely to make misleading claims in 
the future if it offered an explanation for the correction than 
if it offered no response (M = 4.26 versus 5.18; p « .05), 
whereas future indiscretions were viewed as equally likely 
when an apology or a denial strategy was offered as when 
there was no response (Ms = 4.56 and 5.24; p > .15). The 
implication of these findings is that though an explanation 
was effective in communicating that the firm was unlikely 
to offer misleading claims in the future, consumers were 
still somewhat distrustful of the firm. In this sense, con- 
sumers who received an explanation for the corrected claim 
seemed to give the advertiser the benefit of the doubt, but an 
explanation was not fully effective in rebuilding or main- 
taining trust per se. It seems that the explanation was effec- 
tive mainly because it removed the threat that consumers 
would be fooled again by the advertiser, which is consistent 
with the defensive model's prediction that consumers 
should respond negatively only when they feel an immedi- 
ate threat that the firm will attempt to trick or mislead them 
again (Darke and Ritchie 2007). 

In summary, these findings suggest that the strategy of 
offering an explanation in response to corrective advertising 
resulted in the perception that the firm was unlikely to mis- 
lead consumers again in the future and effectively elimi- 
nated the negative effects of correction on both specific 
beliefs and global attitudes for a second product offered by 
the same advertiser. In contrast, apologies and denials were 
largely ineffective in combating correction. According to 
the evidence here, it appears that the best strategy for a firm 
directly involved in an advertising correction is to offer an 
explanation for its misleading claims. These findings are 
consistent with prior research on the use of such strategies 
in political contexts (McGraw 1991). 


General Discussion 


The studies we report here provide evidence that the effects 
of corrective advertising can extend well beyond simply 
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undoing the specific product beliefs that were created bya 
misleading advertisement (i.e., the legitimate purpose of 
corrective advertising). Instead, the results show that cor- 
rection can diminish the persuasiveness of subsequent 
advertising both from the offending firm and from unrelated 
firms. Moreover, we observed the second-party effects 
regardless of the source of correction (the company itself, 
the BBB, the FTC, or word of mouth) for both relatively 
subtle and more blatant instances of advertising deception, 
across both similar and very different product categories 
regardless of the strength of the supporting arguments 
included in the second advertisement, for both college stu- 
dent samples and broader samples of consumers both 
within and outside a formal laboratory setting, and on a 
variety of dependent measures. Finally, these effects lasted 
for a meaningful amount of time. Whereas prior studies 
have shown that correction can have unintended effects in 
terms of carrying over to closely related beliefs (Dyer and 
Kuehl 1978; Mazis and Adkinson 1976), the current find- 
ings suggest that these carryover effects can be much 
broader, applying to different products and even to second- 
party advertisers. The side effects of advertising correction 
we identify fall well outside the requirement that such 
remedies should not be punitive in nature and therefore 
should not hamper the future ability of the firm to promote 
its products effectively. Ironically, although corrective 
advertising is intended to maintain fairness in the market- 
place by undoing any advantage conferred to the firm 
through misleading claims, the results suggest that it can be 
unduly punitive to the corrected firm and can more broadly 
undermine the ability of advertisers as a group to communi- 
cate effectively. 

The defensive consumer model of distrust (Darke and 
Ritchie 2007) was the primary basis for our predictions, and 
in general, the evidence was consistent with this model. 
Corrective advertising led consumers to feel tricked or 
fooled, which suggested that defensive goals were evoked. 
Experiment 1 also showed that the carryover effects of 
advertising correction operated by undermining the per- 
ceived trustworthiness of the second advertiser rather than 
through the negative affect that was evoked. Experiment 2 
added to these findings by showing that correction had a 
negative effect on attitudes, regardless of the strength of the 
arguments in the second advertisement, which indicated 
that biased rather than objective processing was operating 
(Priester and Petty 1995). This evidence adds to the correc- 
tion literature by providing a process-oriented explanation 
for the carryover effects observed in corrective advertising. 

The studies were also successful in identifying some 
important limitations for the unintended effects of correc- 
tive advertising. For example, Experiment 3 showed that the 
carryover effects did not extend to second-party firms 
whose reputation was verified by the BBB (an independent 
regulator), nor did the negative effects of correction extend 
to product information that came directly from an indepen- 
dent source, namely, Consumer Reports. The common 
thread is that there needs to be some form of independent 
confirmation that the source of the information can be 
trusted to avoid the second-party effects of advertising cor- 
rection. The implication for managers is that seeking 


endorsements from independent sources or finding ways to 
communicate with consumers through independent chan- 
nels is particularly important when dealing with defensive 
consumers. Furthermore, these findings have implications 
for regulators by suggesting that they have an important 
role to play in protecting ethical firms from the unintended 
effects of corrective advertising by publicly endorsing such 
firms. 

Experiment 5 showed that the corrected firm itself can 
take action to help preserve its ability to advertise effec- 
tively in the future. In particular, an explanation for the mis- 
leading claim from the corrected firm was successful in 
removing the ill effects of correction, whereas apologies 
and denials were less effective in this respect. The key here 
was that the firm's explanation gave consumers greater 
assurance that it would not engage in false or misleading 
advertising in the future. However, note that an explanation 
did not completely remove any trace of the distrust that was 
produced by the correction. Rather, consumers seemed to 
give the firm the benefit of the doubt when evaluating its 
subsequent advertising, but they did not necessarily fully 
trust the firm. These findings have direct implications for 
managers in suggesting that they should make every effort 
to provide an explanation for corrected advertising claims. 
It seems particularly important for firms to know how to 
respond to accusations of misleading claims given the avail- 
ability of such information on the Internet and in the media. 
We know of no other research that has examined how firms 
can avoid the negative carryover effects produced by adver- 
tising correction. 

In addition to the contributions of this research to the 
correction literature, the findings have several theoretical 
implications for understanding the nature of consumer 
distrust and, in particular, the consumer defensiveness 
model. Prior research provides little in terms of the factors 
that might moderate the effects of consumer defensiveness. 
Therefore, our findings help better define the scope of this 
model by showing that third-party endorsements, indepen- 
dent information sources, and explanations offered by the 
firm can all act to attenuate the negative effects of advertis- 
ing deception. Furthermore, third-party endorsements and 
independent information sources operated by preserving 
consumer trust in the second information source, whereas 
an explanation from the firm seemed to operate by assuring 
consumers that the firm was unlikely to attempt to mislead 
them in the future, thus reducing the perceived threat that 
additional persuasive appeals are likely to be deceptive. The 
latter finding implies that it is not necessary to reestablish 
trust completely for future advertising to be effective; it is 
only necessary to remove the perceived threat that the con- 
sumer could be fooled again. 

This research contributes to our understanding of the 
defensive model in several other ways as well. For example, 
our studies include more subtle forms of advertising decep- 
tion, in that the misleading claim was technically true in 
most cases, versus the relatively blatant deception used in 
prior studies. Even relatively subtle forms of deception are 
capable of producing defensive reactions among con- 
sumers. The findings of Experiments 1 and 2 also show that 
the effects of ad deception can extend to firms with positive 


and/or trusted reputations. Darke and Ritchie (2007) use 
only hypothetical advertisers in their original research, in 
which participants had little in terms of background infor- 
mation about the advertiser. We also show that the effects of 
ad deception can extend across a broader range of product 
categories. Specifically, Experiment 3 used the broadest 
range of goods and showed that a deceptive advertisement 
for a baked good could produce negative effects on an 
advertisement for an electronic product, whereas all Darke 
and Ritchie's studies included electronic products in both 
the initial deceptive advertisement and the second advertise- 
ment. In addition, the experimenter was always used as the 
source of deceptive information in prior research, whereas 
the current studies show that defensive processing can be 
induced by a variety of different sources (the company, 
regulators, or word of mouth from the experimenter). Many 
of our studies also involved a broader sample of respon- 
dents outside the context of a formal lab, in contrast to the 
college samples and the highly controlled laboratory studies 
used in previous research. Overall, the current research 
helps expand the range of situations over which the negative 
effects of advertising deception are known to operate and 
increases the external validity of the evidence for the defen- 
sive consumer model by using more realistic or representa- 
tive experimental procedures and contexts. 

The findings also add to what is known about the effects 
of ad deception over time. Whereas Darke and Ritchie 
(2007) show that ad deception has a negative impact on 
subsequent advertisements encountered 24 hours later, the 
current evidence suggests that these effects can operate 
approximately six days later. This is a practically meaning- 
ful amount of time in that consumers are typically exposed 
to a relatively large number of advertisements over this 
period in their daily lives. Furthermore, the negative atti- 
tudes generated by correction tended to stay negative for 
more than a week after the initial correction rather than fad- 
ing or reversing over time, as suggested by the sleeper 
effect. Finally, Experiment 4 showed that the strength of the 
carryover effect did not depend on the degree of similarity 
between the corrected firm and the second-party firm that 
advertised six days later; rather, corrections had the same 
negative effect on subsequent evaluations regardless of 
whether the second advertisement came from the same firm, 
a similar second-party firm, or a dissimilar second-party 
firm. This suggests that the deception revealed by advertis- 
ing correction created negative responses toward advertis- 
ing per se, not just toward advertisements or firms that were 
similar to the corrected firm in some way. 

The results pertaining to the existing reputation of the 
firn were more complex than we initially expected and are 
particularly notable from a theoretical perspective. Experi- 
ment 1 manipulated the prior reputation of the offending 
firm in terms of whether it was liked and found that this 
made little difference in buffering against the generalized 
effects of correction. Experiment 2 examined the role of the 
second-party firm's reputation by selecting the most trusted 
retailer for the product in the local market. We found that 
this was ineffective as well. These findings are surprising 
given the normative view that specific sources of informa- 
tion about the trustworthiness of a firm are more diagnostic 
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than more general sources of information (Rotter 1967). 
This view implies that a positive reputation should have 
protected the second-party firm from the generalized effects 
of correction. Although these findings are surprising from a 
rational or objective standpoint, they are consistent with the 
defensive model's suggestion that distrust can induce a 
biased form of information processing that is capable of 
undermining or suppressing information that should objec- 
tively lead consumers to trust the information source (see 
Kunda and Sinclair 1999). Such processing tends to make 
defensive distrust self-perpetuating and therefore relatively 
difficult to undo after it has been evoked (Kramer 1998). 
As other researchers have noted (e.g., Wilkie, McNeill, 
and Mazis 1984), the effects of corrective advertising can 
be both complex and subtle. Although our evidence sug- 
gests that corrective advertising can place an unfair burden 
on firms, it is also important to minimize instances of 
deceptive advertising. Each year, agencies such as Advertis- 
ing Standards and the BBB receive many complaints from 
consumers who believe that they have been misled by 
advertisers. Beyond corrective advertising, the news media, 
the Internet, and word of mouth act as other important 
sources of information about deceptive advertising mes- 
sages. Given the potential negative consequences that reve- 


lations of advertising deception have been shown to have, 
we emphasize that it is in the interests of advertisers as a 
group to avoid making false claims in the first place. 
Pretesting advertisements to ensure that the perceptions 
they generate are consistent with the typical experience 
consumers have with the product can prove useful in this 
regard (expectations screening procedure; Gardner 1975). 
Indeed, regulators such as Advertising Standards provide 
such testing services as a means to help firms avoid decep- 
tive advertising. 

Contrary to the goal of maintaining truth in advertising 
and reassuring the marketplace that advertising can be 
trusted, the evidence we present here suggests that revela- 
tions of misleading advertising can actually have the oppo- 
site effect, causing consumers to become broadly distrustful 
toward future advertising. Consequently, ad correction may 
harm, not help, the consumer's ability to recognize valid 
information and make good judgments. In the end, regula- 
tors must weigh the cost of having uninformed consumers 
who maintain erroneous product beliefs against the poten- 
tial damage that correction can do to the advertising indus- 
try as a whole, to honest advertisers in particular, and even 
to consumers themselves. 


ж— ——_—_____—__—__——_——__ы 


REFERENCES 


Aiken, K Damon and David M Boush (2006), "Trustmarks, 
Objective-Source Ratings, and Implied Investments 1n Adver- 
tising: Investigating Online Trust and the Context-Specific 
Nature of Internet Signals,” Journal of the Academy of Market- 
ing Science, 34 (3), 308-323. 

Arens, William F. (2006), Contemporary Advertising, 10th ed. 
New York: McGraw-Hill/Richard D Irwin. 

Armstrong, Gary M., George R. Franke, and Frederick A Russ 
(1982), “The Effects of Corrective Advertising on Company 
Image,” Journal of Advertising, 11 (4), 39-47. 

, Metin М. Gurol, and Frederick A. Russ (1979), “Detect- 
ing and Correcting Deceptive Advertising,” Journal of Con- 
sumer Research, 6 (December), 237-46. 

Arnold, Matthew (2005), “FDA Goes Directly to Consumers for 
Views,” Medical Marketing and Media, 40 (10), 28. 

ASA (2006), "Annual Report," (accessed January 22, 2008), 
[available at http://www.asa.org.uk/NR/rdonlyres/5AF72082- 
ASB3-47CA-BA45-D00CBDF84DD7/0/ASA_AnnualReport_ 
2006.pdf]. 

Baron, Reuben M. and David A. Kenny (1986), “The Moderator- 
Mediator Variable Distinction in Social Psychological 
Research: Conceptual, Strategic, and Statistical Considera- 
tions," Journal of Personality and Social Psychology, 51 
(December), 1173-82 

Bernhardt, Kenneth L., Thomas C. Kinnear, and Michael B. Mazis 
(1986), "A Field Study of Corrective Advertising Effective- 
ness,” Journal of Public Policy & Marketing, 5, 146-62. 

Chaiken, Shelly and Durairaj Maheswaran (1994), “Heuristic Pro- 
cessing Can Bias Systematic Processing: Effects of Source 
Credibility, Argument Ambiguity, and Task Importance on Atti- 
tude Judgment,” Journal of Personality and Social Psychology, 
66 (March), 460-73. 

Chen, Serena and Shelly Chaiken (1999), “The Heuristic- 
Systematic Model in Its Broader Context” ш Dual Process 
Theories in Social Psychology, Shelly Chaiken and Yaacov 
Trope, eds. New York: Guilford Press, 73-96. 

Darke, Peter R. and Shelly Chaiken (2005), “The Pursuit of Self- 
Interest: Role of Self-Interest in Attitude Judgment and Persua- 





96 / Journal of Marketing, November 2008 


sion,” Journal of Personality and Social Psychology, 89 (6), 

864-83. 

and Robin J.B. Ritchie (2007), “The Defensive Consumer: 
Advertising Deception, Defensive Processing, and Distrust,” 
Journal of Marketing Research, 44 (February), 114-27. 

Dyer, Robert Е and Philip С. Kuehl (1974), “The Corrective 
Advertising Remedy of the FTC: An Experimental Evalua- 
tion,” Journal of Marketing, 38 (January), 48-54. 

and (1978), “A Longitudinal Study of Corrective 
Advertising,” Journal of Marketing Research, 15 (February), 
39-48. 

Erdem, Tulin and Joffre Swait (2004), “Brand Credibility, Brand 
Consideration, and Choice,” Journal of Consumer Research, 31 
(June), 191-98. 

FTC (2007), “Performance and Accountability Report for Fiscal 
Year 2007,” (accessed January 22, 2008), [available at http:// 
www.ftc.gov/opp/gpra/2007parreport.pdf]. 

Gardner, David M (1975), “Deception in Advertising: A Concep- 
tual Approach,” Journal of Marketing, 39 (January), 40-46. 
Grayson, Kent and Tim Ambler (1999), “The Dark Side of Long- 
Term Relationships 1n Marketing Services,” Journal of Market- 

ing Research, 36 (February), 132-41. 

Hovland, Cari L, Irving L. Janis, and Harold Н. Kelley (1953), 
Communications and Persuasion: Psychological Studies in 
Opinion Change. New Haven, CT: Yale University Press. 

Hunt, Н. Keith (1973), “Effects of Corrective Advertising,” Jour- 
nal of Advertising Research, 13 (5), 15-22. 

Jacoby, Jacob, Margaret C Nelson, and Wayne D. Hoyer (1982), 
“Corrective Advertising and Affirmative Disclosure State- 
ments: Their Potential for Confusing and Misleading the Con- 
sumer,” Journal of Marketing, 46 (Winter), 61—72. 

Johar, Gita V. (1996), “Intended and Unintended Effects of Cor- 
rective Advertising on Beliefs and Evaluations: An Exploratory 
Analysis,” Journal of Consumer Psychology, 5 (3), 209-230. 

and Carolyn J. Simmons (2000), “The Use of Concurrent 

Disclosures to Correct Invalid Inferences,” Journal of Con- 

sumer Research, 26 (March), 307—322. 














Kelley, Harold H. (1972), «Attribution 1n Social Interaction," in 
Attribution: Perceiving the Causes of Behavior, Edward E. 
Jones, David E. Kanhouse, Harold H. Kelley, Richard E. Nis- 
bett, Stuart Valins, and Bernard Weiner, eds. Morristown, NJ: 
General Learning Press, 1—26. 

Kim, Peter H., Donald L. Ferrin, Cecily D. Cooper, and Kurt T. 
Dirks (2004), “Removing the Shadow of Suspicion: The 
Effects of Apology Versus Denial for Repairing Competency- 
Versus Integrity-Based Trust Violations,” Journal of Applied 
Psychology, 89 (1), 104-118. 

Kramer, Roderick M. (1998), “Paranoid Cognition in Social Sys- 
tems: Thinking and Acting in the Shadow of Doubt,” Personal- 
ity and Social Psychology Review, 2. (4), 251-75. 

Kumkale, G. Tarcan and Dolores Albarracín (2004), “The Sleeper 
Effect in Persuasion: A Meta-Analytic Review,” Psychological 
Bulletin, 130 (1), 143-72. 

Kunda, Ziva and Lisa Sinclair (1999), “Motivated Reasoning with 
Stereotypes: Activation, Application, and Inhibition,” Psycho- 
logical Inquiry, 10 (1), 12-22. 

Lewicki, Roy J. and Barbara B. Bunker (1996), “Developing and 
Maintaining Trust in Work Relationships,” in Trust in Organi- 
zations: Frontiers of Theory and Research, Roderick M. 
Kramer and Tom R. Tyler, eds. Thousand Oaks, CA: Sage Pub- 
lications, 114-39. 

Mazis, Michael В. (2001), “ЕТС v. Novartis: The Return of Cor- 
rective Advertising?” Journal of Public Policy & Marketing, 20 
(Spring), 114-22. 

and Janice E. Adkinson (1976), “An Experimental Evalua- 
tion of a Proposed Corrective Advertising Remedy,” Journal of 
Marketing Research, 13 (May), 178-83. 

——— Dennis L. McNeill, and Kenneth L Bernhardt (1983), 
*Day-After Recall of Listerine Corrective Commercials," Jour- 
nal of Public Policy & Marketing, 2, 29—37. 

McGraw, Kathleen M. (1991), "Managing Blame: Ап Experimen- 
tal Test of the Effects of Political Accounts," American Politi- 
cal Science Review, 85 (4), 1133—57. 

Mizerski, Richard W., Neil K. Allison, and Stephen Calvert 
(1980), “А Controlled Field Study of Corrective Advertising 
Using Multiple Exposures and a Commercial Medium," Jour- 
nal of Marketing Research, 17 (August), 341-48. 

Nkonge, Japhet H. (1984), “How Communication Medium and 
Message Format Affect Corrective Advertising,” Journal of the 
Academy of Marketing Science, 12 (1), 58-68. 





Petty, Richard E., John T. Cacioppo, and D. Schumann (1983), 
“Central and Peripheral Routes to Advertising Effectiveness: 
The Moderating Role of Involvement," Journal of Consumer 
Research, 10 (September), 135-46. 

Phelps, Shirelle and Jeffery Lehman, eds. (2005), West's Encyclo- 
pedia of American Law, 2d ed., Vol. 4. Detroit. Gale/ 
Thompson. 

Pollay, Richard W. (1986), "The Distorted Mirror: Reflections on 
the Unintended Consequences of Advertising," Journal of Mar- 
keting, 50 (April), 18—36. 

Priester, Joseph R. and Richard E. Petty (1995), "Source Attribu- 
tions and Persuasion: Perceived Honesty as a Determinant of 
Message Scrutiny,” Personality and Social Psychology Bul- 
letin, 21 (June), 637-54. 

Robinson, Sandra L. (1996), “Trust and Breach of the Psychologi- 
cal Contract" Administrative Science Quarterly, 41 (Decem- 
ber), 574—99. | 

Rotter, Julian B. (1967), “A New Scale for the Measurement of 
Interpersonal Trust,” Journal of Personality, 35 (4), 651-65. 

Schlenker, Barry R. (1980), Impression Management: The Self- 
Concept, Social Identity, and Interpersonal Relations. Mon- 
terey, CA: Brookes/Cole. 

Schmit, Julie (2005), “FDA Races to Keep Up with Drug Ads That 
Go Too Far," USA Today, (May 30), Al. 

Serafin, Raymond and Gary Levin (1990), “Ad Industry Suffers 
Crushing Blow,” Advertising Age, 61 (7), 1-3. 

Tyebjee, Tyzoon T. (1982), “The Role of Publicity in FTC Correc- 
tive Advertising Remedies,” Journal of Public Policy & Mar- 
keting, 1, 111-21. 

The Wall Street Journal (2000), “Appeals Court Backs FTC 
Changes to Doan’s Pill Ads,” (January 22), 1. 

Washington Legal Foundation (2006), “Citizen Petition Regarding 
Review of Policies and Practices of DDMAC and OCBQ to 
Ensure Compliance with First Amendment and Statutory Man- 
date,” (accessed January 22, 2008), [available at http://www. 
fda.gov/ohrms/dockets/dockets/06p0319/06p-0319-cp00001- 
01-voll.pdf]. 

Wilkie, William L., Dennis L. McNeill, and Michael B. Mazis 
(1984), “Marketing’s ‘Scarlet Letter’: The Theory and Practice 
of Corrective Advertising,” Journal of Marketing, 48 (Spring), 
11-31. 


Damage from Corrective Advertising / 97 


Verena Vogel, Heiner Evanschitzky, & B. Ramaseshan 


Customer Equity Drivers and Future 
Sales 


Research on linking operational marketing inputs to customer attitudes and customer behavior has been gaining 
significance concomitant with the growing recognition that customers are market-based assets. In response to this, 
researchers and practitioners have proposed several conceptual models. Despite recent advances in research, the 
results are still inconclusive as to the relationship between customer attitude and future sales. A reason for this 
could be due to the paucity of studies combining survey-based data with behavioral data to understand better the 
drivers of customer behavior. With that in mind, the authors investigate the effects of customer perceptions of key 
marketing actions on customer attitudes and actual customer behavior as reflected by future sales. The authors 
propose that customer perceptions of value, brand, and relationship—"customer equity drivers"—affect loyaity 
intentions and future sales. The results of the study, which is based on a sample of 5694 customers of a large 
European do-it-yourself retailer, suggest that customer equity drivers can significantly predict future sales, even 
after the authors control for the current sales level. 


Keywords: customer equity, brand, relationship, loyalty, retailing 


enior managers faced with tbe day-to-day challenges requires careful monitoring of customer equity both to 
Q: increasing performance of their products and ser- detect signals of erosion in customer equity and to appropri- 
vices seem to spend millions of dollars on marketing ate programs to enhance it. With the growing recognition 
programs without knowing whether their investments pro- that customers are market-based assets, research on linking 
duce reasonable returns. It is possible that managers simply operational marketing inputs to customer attitudes and cus- 
do not know how or are not able to calculate the return on tomer equity has been gaining significance. In response to 


investment for their marketing programs. They lack a model this, several conceptual models have been proposed 
that links marketing actions with customer spending actions (Bolton, Lemon, and Verboef 2004; Kamakura et al. 2002; 
and instead are often left to use intuition to make decisions. Reinartz and Kumar 2000; Rust, Lemon, and Zeithaml 
The customer equity model (Rust, Zeithaml, and Lemon 2004). However, despite the recent advances in research, 
2000) was one of the first methods with potential to forge the results are still inconclusive as to the relationship among 


this missing link. The concept of customer equity brings marketing inputs, customer attitudes, and customer behav- 
together customer value management, brand management, ior (Villanueva and Hanssens 2007). 
and relationship/retention management. It is viewed as the Bolton, Lemon, and Verhoef (2004) link instrumental 
basis for a new strategic framework from which to build marketing inputs to customer perceptions, customer behav- 
more powerful, customer-centered marketing programs that ior, and financial outcomes. Similarly, Verhoef (2003) links 
are financially accountable and measurable (Lemon, Rust, customer relationship perceptions and relationship market- 
and Zeithaml 2001). ing instruments to customer behavior. Rust, Zeithaml, and 
In the current competitive marketing environment, cus- Lemon (2000) and Rust, Lemon, and Zeithaml (2004) pro- 
tomer equity as a measure of the expected future behavior pose a comprehensive model that identifies different drivers 
of a firm's customers is a key strategic asset that must be of a company’s outcomes. They suggest a customer value 
monitored and nurtured by firms to maximize long-term model, stating that three equity drivers—value equity, brand 
performance. Given the advantages that accrue to a com- equity, and relationship equity—influence a customer’s 
pany with high customer equity, effective management switching matrix, which in turn has an impact on customer 


lifetime value (CLV) and customer equity. Although Rust 
and colleagues’ model attempts to connect research on 
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ever, self-reported share of wallet is not as useful as real 
purchase data to measure customer behavior and customer 
value (Keiningham, Perkins-Munn, and Evans 2003). 

This article contributes to the customer equity literature 
in the following ways: First, the proposed model includes 
the construct of loyalty instead of a switching matrix. The 
model tries to respond to one key concern of Rust, Zeit- 
hami, and Lemon's (2000) model; that is, they did not con- 
sider the concept of loyalty. 

Second, given that CLV is a difficult concept to measure 
and is outside the limits of most companies (Stahl, Matzler, 
and Hinterhuber 2003), we do not attempt to explain the 
drivers of CLV but rather focus on the drivers of “future 
sales." In reality, few companies can accurately measure 
СТУ, which makes it virtually impossible to manage prop- 
erly. The barriers have to do with the ways companies are 
organized, make decisions, and track information. To cir- 
cumvent these hurdles, we use actual sales from each cus- 
tomer as the intrinsic value of customers (i.e., the accumu- 
lated and discounted sales of the customers during the 
six-month period after having assessed their perceptions 
and attitudes). Although these data are not connected as 
directly to customer equity as CLV, they nevertheless can 
provide powerful insights and help management make more 
efficient and more customer-focused decisions. Moreover, 
these data are much more readily available to companies. 

Third, it is important to predict changes 1n consumer 
behavior that are driven by marketing actions and not by 
consumers habitually buying at the same store as a result of 
inertia effects (Bronnenberg and Wathieu 1996; Corstjens 
and Lal 2000). We control for such consumer inertia by 
including past sales as predictors as well. 

Fourth, this study is unique in its approach to combining 
survey data with real purchase data. Seiders and colleagues 
(2005) point out that behavioral data are more accurate in 
evaluating the effectiveness of a firm's marketing strategy. 
They suggest that purchase data represent an important 
complement to customer self-reported data, such as a self- 
reported behavioral loyalty measure (e.g., share of wallet). 
Thus, we measure past sales using loyalty card data and link 
them with future sales to examine the effects of the three 
equity drivers—value equity, brand equity, and relationship 
equity—on a consumer’s loyalty and his or her future pur- 
chase behavior. By doing so, we also eliminate the concerns 
of common method variance, simultaneity, and endogeneity 
(Seiders et al. 2005). 

To recapitulate, our focus on the drivers of future sales 
reflects more clearly what we really try to show as our main 
contribution. We provide the statistical and implementation 
details necessary to employ the customer equity framework 
in practice. Furthermore, we demonstrate that the customer 
equity drivers that Rust, Zeithaml, and Lemon (2000) iden- 
tify can significantly predict future sales, even after we con- 
trol for the current sales level. That means that apart from 
the well-known inertia effect, we identify drivers of future 
sales. 

We organize the remainder of this article as follows: We 
begin by briefly describing Rust, Zeithaml, and Lemon's 
(2000) model as our conceptual starting point. Then, we 
extend the model by introducing the concept of loyalty and 


derive hypotheses about the possible relationships between 
the different parts of the model. With three-stage least 
squares (351.5) regression analysis, we test five hypotheses 
using survey data and purchase data from a sample of 5694 
customers of a large European do-it-yourself retailer. We 
conclude by outlining managerial implications and possible 
directions for further research. 


Literature 


One of the first attempts to link marketing inputs to cus- 
tomers' reactions was Rust, Zeithaml, and Lemon's (2000) 
model. The authors proposed that marketing inputs affect 
customer preferences and, thus, choice probability for a 
particular brand. In turn, choice probability influences cus- 
tomer value, which is a base to determine the customer 
equity of a company. The model views value equity, brand 
equity, and relationship equity as strategic investment cate- 
gories that ultimately influence customer equity (see also 
Rust, Lemon, and Zeithami 2004). 

Value equity is the customers' objective assessment of 
the utility of a brand based on perceptions of what is given 
up for what is received. Brand equity is more subjective and 
emotional. It is the intangible assessment of a brand, 
beyond its objectively perceived value. Finally, the model 
includes relationship equity, which expresses the tendency 
of customers to stay in a relationship with the brand, 
beyond objective and subjective assessments of the brand. 
These three drivers are expected to influence the customers' 
brand-switching behavior, as displayed in a Markov switch- 
ing matrix. This matrix is the basis for the calculation of an 
individual customer's lifetime value. In line with Blattberg 
and Deighton (1996), the individual CLVs are summed up 
to form the company's customer equity. 

А major strength of Rust, Zeithaml, and Lemon's 
(2000) model is its ability to relate a company's perceived 
marketing strategy and marketing investments to the cus- 
tomers' reactions to these investments and to the economic 
output generated by the related customer behavior. Thus, it 
helps improve the budget allocation of the marketing spend- 
ing (see also Rust, Lemon, and Zeithaml 2004). Further- 
more, the model is one of the first attempts to connect the 
two research streams on brand equity and customer equity. 

However, the model does not consider some key aspects 
of customer loyalty. By including the construct of loyalty 
intentions (e.g., as suggested by Oliver 1997) instead of а 
switching matrix, it is possible to address a core criticism of 
Markov models—that is, the assumption of constant pay- 
ments or sales over time (Armstrong and Farley 1969; 
Ehrenberg 1965; Rust, Lemon, and Zeithaml 2004). Rust, 
Zeithaml, and Lemon (2000) use survey data to calculate 
CLV and customer equity. The use of self-reported share of 
wallet might be a good indicator of CLV in the absence of 
real purchase data. However, it is beneficial to combine sur- 
vey data (to measure perceptions of marketing actions and 
attitudes) and purchase data (to assess future sales) to vali- 
date the model. 

To summarize, our model tries to address two particu- 
larly important concerns of Rust, Zeithaml, and Lemon's 
(2000) model: (1) not considering the concept of loyalty 
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and (2) not using behavioral data. We do this by including 
observed purchase behavior and, in particular, the loyalty 
construct, in line with Bolton, Lemon, and Verhoef's 
(2004), Kumar, Lemon, and Parasuraman's (2006), and Ver- 
hoef's (2003) conceptual suggestions. Thus, our model is 
well suited to improve the understanding of the relationship 
among perceived marketing actions, customer attitudes, and 
future sales. In the following section, we derive hypotheses 
that are related to the influence of value equity, brand 
equity, and relationship equity on loyalty intentions as well 
as the impact of loyalty intentions and past sales on future 
sales. 


Development of Hypotheses 


Drivers of Loyalty intentions 

Loyalty intentions can be viewed as a customer's psycho- 
logical disposition toward an object. In a purcbase situation, 
loyalty intentions reflect favorable attitudes toward the 
brand or firm (Dick and Basu 1994). The drivers of loyalty 
are complex and dynamic, and they change and evolve over 
time (Johnson, Hermann, and Huber 2006). Several specific 
psychological antecedents motivate loyalty. Consistent with 
Taylor, Hunter, and Longfellow (2006), marketing models 
trying to explain the evolution of loyalty need to consider 
not only cognitive aspects but also affective aspects. 


Value equity. Value equity, the first driver of loyalty 
intentions, can be understood as the perceived ratio of what 
is received (e.g., a product) to what must be sacrificed (e.g., 
the price paid for the product). Thus, a favorable price- 
quality ratio is indicative of high value equity. If a cus- 
tomer's outcome-input ratto corresponds to his or her own 
reference outcome-input ratio, the experience of inner fair- 
ness results (Oliver and DeSarbo 1988). Equity theory 
maintains that perceived equity produces positive affective 
states that lead to positive attitudes, such as satisfaction and 
loyalty (Adams 1965; Homans 1961; Walster, Walster, and 
Berscheid 1978). This theoretical reasoning is largely sup- 
ported by empirical studies (e.g., Lam et al. 2004; Silvestro 
and Cross 2000; Yang and Peterson 2004; Zins 2001). Fur- 
thermore, Rust, Zeitbaml, and Lemon (2000) and Rust, 
Lemon, and Zeithaml (2004) point out that value equity 
affects a customer's (self-reported) switching propensity, a 
measure similar to loyalty intentions. Thus: 

Hj: Perceived value equity has a positive impact on loyalty 

intentions. 

Relationship equity. Relationship equity involves the 
elements that link a customer to a brand or a company 
(Rust, Lemon, and Zeithaml 2001). If perceived relation- 
ship equity is high, customers believe that they are well 
treated and handled with particular care. In addition, cus- 
tomers feel familiar with the brand, the store, or the 
employees of the store. They trust the quality of the prod- 
ucts or the accurate delivery of the service. A positive 
experience with other customers is also indicative of rela- 
tionship equity (Hennig-Thurau, Gwinner, and Gremler 
2002). Relationship equity offers additional value for the 
customer. In line with the confirmation-disconfirmation 
paradigm, consumers who compare their expectations with 
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their experiences and believe that they are treated better 
than others are likely to be satisfied with the offering, 
brand, or store and therefore will become more loyal. Stud- 
ies by Gwinner, Gremler, and Bitner (1998), Hennig- 
Thurau, Gwinner, and Gremler (2002), Patterson and Smith 
(2001), and Reynolds and Beatty (1999) have shown а 
strong relationship among the relationship construct, satis- 
faction, and loyalty. In line with Rust, Zeithaml, and Lemon 
(2000) and Rust, Lemon, and Zeithaml (2004), who show 
the influence of relationship equity on a customer's switch- 
ing matrix, we assume that there is a positive impact on loy- 
alty intentions. Thus: 
Но: Perceived relationship equity has a positive impact on loy- 
alty intentions. 


Brand equity. Brand equity is the subjective appraisal of 
а customer's brand choice. It is the value added to a product 
or service as a result of prior investments in the marketing 
mix (Keller 1993; Rust, Zeithaml, and Lemon 2000). If cus- 
tomers judge a particular brand as strong, unique, and desir- 
able, they experience high brand equity (Verhoef, Langerak, 
and Donkers 2007). Because a brand attaches additional 
value to a product or service, it increases the value com- 
pared with a nonbranded product or service. If customers 
perceive a brand as having a favorable and strong image, it 
could positively influence their likelihood of choosing that 
particular brand rather than competing offerings. In a simi- 
lar vein, Bolton, Lemon, and Verhoef (2002) suggest that a 
favorable perception of a brand could have an impact on 
affective commitment. Rust, Zeithaml, and Lemon (2000) 
state that brand equity is likely to influence a customer's 
willingness to stay, repurchase probability, and likelihood to 
recommend the brand. Thus: 

H3: Perceived brand equity has a positive umpact on loyalty 

intentions. 


The Link Between Loyalty Intentions and Future 
Sales 


The theory of reasoned action (Fishbein and Ajzen 1975) 
states that loyalty intentions have an immediate influence 
on behavior. Loyalty intentions may result in a readiness to 
act (to buy). This readiness is accompanied by the con- 
sumer’s willingness to search for a favorite offering, despite 
the considerable effort necessary to do so. Competitive 
offerings are not considered alternatives. However, action 
control studies imply that not all intentions are transformed 
into action (Kuhl and Beckmann 1985). Studies finding 
support for a positive link between intention and action are 
not without methodological biases. Most empirical studies 
consider the influence of loyalty intentions on self-reported 
behavior (e.g., Armstrong, Morwitz, and Kumar 2000; 
Evanschitzky and Wunderlich 2006; Harris and Goode 
2004; LaBarbera and Mazursky 1983; Morwitz and 
Schmittlein 1992; Tobin 1959). A much stronger test of the 
intention—action link would be to relate loyalty intentions to 
actual purchases. To this end, Zeithaml (2000) notes that a 
more compelling relationship between customer’ purchase 
intentions and actual purchase behavior lacks confirmation. 
However, some studies that combine survey data with 
observed behavior have found a positive relationship. For 


example, Bolton, Kannan, and Bramlett (2000) show that 
repurchase probability rises by 1.67 times if intention 
increases by one point. Smith and Wright (2004) emphasize 
that an increase of one standard deviation in purchase inten- 
tions (from a rank of .5 to a rank of .8), meaning a corre- 
sponding increase of .36 standard deviations in sales, trans- 
lates to a $500 million increase in quarterly sales for a 
company. Studies by Nacif (2003) and Kamakura and col- 
leagues (2002) confirm the positive influence of purchase 
intentions on actual customer retention. Therefore, a posi- 
tive effect of loyalty intentions on future sales can be 
assumed. Thus: 


Ну: Loyalty intentions have a positive impact on future sales. 


The Link Between Past Sales and Future Sales 


According to an expansion of the theory of reasoned action 
(Ajzen 2001; Bentler and Speckart 1979; Eagly and 
Chaiken 1993), a person's former behavior can explain his 
or her actual behavior. This means that consumers will pre- 
fer to buy at the same retailer they bought from on previous 
purchase occasions, even though they might perceive other 
retailers as providing the same benefits. Corstjens and Lal 
(2000) explain that this phenomenon is due to the psycho- 
logical commitment to prior choices and customers' desire 
to minimize their cost of thinking. This so-called inertia 
effect is rational because it helps consumers achieve satis- 
factory outcomes by simplifying the decision-making 
process and saving the costs of making decisions. It takes 
place automatically and without conscious thought. 

Many studies give empirical evidence for habitual 
behavior (e.g., Anderson and Srinivasan 2003; Beatty and 
Smith 1987; Gounaris and Stathakopoulos 2004; Huang and 
Yu 1999; Rust, Lemon, and Zeithaml 2004; see also the 
cited literature in Corstjens and Lal 2000). For example, 
Beatty and Smith (1987) demonstrate the strengths of the 
inertia effect by showing that 4096-6096 of consumers buy 
at the same retailer because of habit. In summary, there is 
ample evidence to suggest that inertia plays a significant 
role in consumer choice. Thus: 


Hs: Past sales have a positive impact on future sales. 


Figure 1 provides the conceptual model of our study and 
summarizes the hypothesized links. 


Methodology 


Data Collection Procedure and Sample 

We drew our sample from a European do-it-yourself 
retailer. The European retail market is highly competitive, 
and the retailer in our study is representative for this market 
in terms of size and success.! The retailer has had a loyalty 
program in place for several years that tracks customers’ 
purchase behavior. Customers who are members of the loy- 
alty program were the participants of our study. We ran- 
domly selected 24,000 customers and sent questionnaires to 
them by mail in prepaid return envelopes along with a cover 





lBecause of guaranteed confidentiality, we are unable to pro- 
vide further details about the retailer. ' 
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letter. The cover letter explained the purpose of the study, 
assured confidentiality of data, and thanked the participant. 
Furthermore, we used an incentive to increase the response 
rate: All participants were entered into a lottery to win cash 
prices between €25 and €500. To avoid any bias, the return 
envelopes were addressed to the researchers’ university. A 
total of 5694 respondents returned usable questionnaires, 
for a response rate of 23.7%. We then matched the transac- 
tion data to the survey data according to each customer’s 
loyalty program identification number. We compared 
selected items from early and late respondents, following 
Armstrong and Overton’s (1977) recommendations; these 
displayed no signs of nonresponse bias. 


Measures 


We developed the items for measuring the constructs of the 
study, drawing on prior research in the literature. We tested 
the initial item pool in qualitative interviews, focus-group 
discussions, and a pretest among 2400 customers of the 
same do-it-yourself retailer. This procedure led to the final 
survey instrument for the main study. We used multi-item 
seven-point Likert scales anchored by 1 = “strongly agree” 
(“very satisfied,” "best value”) and 7 = “strongly disagree” 
(“very unsatisfied,” “poorest value”). 

We measured value equity with six items to understand 
the customers’ evaluations of functional and cognitive value 
associated with the retail outlet. In accordance with the 
operationalizations of Baker and colleagues (2002), Rust, 
Zeithaml, and Lemon (2000), and Sirdeshmukh, Singh, and 
Sabol (2002), we asked the respondents to rate perceived 
value in general. Items that were part of the scale included 
price, product quality, service quality, convenience, and the 
tangible environment of the retailer. 

We adapted the relationship equity measure from the 
relationship marketing research of De Wulf, Odekerken- 
Schröder, and Iacobucci (2001) and Hennig-Thurau, Gwin- 
ner, and Gremler (2002). This measure consists of five 
items that assess the preferred treatment customers receive 
when they are a member of a loyalty program. As a result 
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of our pretest, we added one item for the relationship with 
the other customers because such relationships can also 
be considered a particularly relevant type of social benefit 
in a retail setting (Gwinner, Gremler, and Bitner 1998; 
Jacobucci and Hibbard 1999; Zeithaml and Bitner 1996). 

We measured brand equity, which focuses on the overall 
perception of brand image, with four items, using the scale 
that Verhoef, Langerak, and Donkers (2004) introduced, 
with an additional item pertaining to the liking of the brand. 
We used "likable" because of its demonstrated importance 
in brand equity measures (Cox and Cox 1988; Darley and 
Smith 1993; Goodstein 1993; Keller 1991; Wansink and 
Ray 1992) and as a result of our qualitative studies con- 
ducted before this research. 

We define loyalty intentions as customers’ behavioral 
intentions to continue buying at a retail store in the future, 
accompanied by a deeply held commitment to that store. 
We adapted the scale from Zeithaml, Berry, and Parasura- 
man's (1996) behavioral intention battery and included two 
items. 

We measured future sales using loyalty card data. In 
line with Baesens and colleagues (2002), Bolton, Kannan, 
and Bramlett (2000), Mittal and Kamakura (2001), Nacif 
(2003), and Seiders and colleagues (2005), we aggregated 
the sales over a particular period. In our case, we aggre- 
gated the sales from six months after completion of the 
questionnaire, in accordance with Nacif, whose study was 
also conducted in a retail context. Furthermore, planning 
periods of six months are common in retailing. Next, we 
discounted the sales to the date of the survey with an inter- 
est rate of 1596, as Reinartz and Kumar (2003) suggest. We 
chose an annual interest rate of 15% because it was appro- 
priate for marketing investments ш the retailing industry in 
general and for that retailer in particular during the time of 
the survey. This is in line with the observation that the 
yearly discount rate appropriate for marketing investments 
varies from 1296 (Gupta, Lehmann, and Stuart 2004) to 
20% (Berger and Nasr 1998; Dwyer 1997). 

We calculated past sales similarly to the measure of 
future sales. The only difference is that we considered the 
sales for the six months before the survey. 

Following Gerbing and Anderson (1988), we conducted 
a confirmatory factor analysis to assess the reliability and 
validity of the multi-item scales. The coefficient alpha 
exceeded .7, the threshold typically proposed in the litera- 
ture (Hair et al. 2006; Nunnally 1978). In addition, the com- 
posite reliabilities exceeded .6 for all constructs (Bagozzi 
and Yi 1988). The results appear in Table 1. 

We assessed discriminant validity of the constructs 
using the criterion that Fornell and Larcker (1981) propose. 
As Table 2 shows, the criterion was met for all the con- 
structs because the average variance extracted is larger than 
the squared correlation between any of the constructs. АП 
the analyses suggest that the reliability and validity of the 
constructs in this study are acceptable. Following the proce- 
dure suggested by Hair and colleagues (2006) and Rust, 
Lemon, and Zeithaml (2004), we also administered the fol- 
lowing tests to control for and assess the degree of multi- 
collinearity: correlation between constructs, partial correla- 
tions, part correlations, principal components regression, 
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and variance inflation factor. The results indicate that multi- 
collinearity is not a severe issue in our data. Podsakoff and 
colleagues (2003) provide excellent guidelines for a poten- 
tial statistical procedure to estimate and control for com- 
mon method bias. In line with their reasoning, we analyzed 
our data (in particular, we performed а Harman's single- 
factor test and ran competing confirmatory factor analysis 
models, as suggested by Podsakoff and colleagues [2003]) 
and ascertained that common method bias did not seem to 
be problematic in our study. 

Following Anderson, Fornell, and Lehmann (1994), we 
used 3SLS regressions to estimate our model. Originally 
developed by Zellner and Theil (1962), 3SLS has many 
advantages: The main reason we chose 3SLS was to assess 
the monetary impact of a change in any of the equity drivers 
and loyalty intentions. When using 3SLS, we can specify 
that, all else being equal, a one-unit increase in loyalty 
intentions will result in an increase in future sales by €X. If 
we had used structural equations modeling, we could have 
argued only about the relative strength of the links and 
would not have been able to draw any conclusion about the 
monetary value of an increase in one of the drivers. Further- 
more, 3SLS, which adds a correction for heteroskedasticity, 
is a full information method because all the parameters of 
the model are estimated jointly (Berndt et al. 1974). There- 
fore, it is efficient (Basman 1957) and, according to Greene 
(2007), robust to nonnormality. 

We used factor scores of the constructs as independent 
variables in our regression analysis. This standardized the 
indicators so that we could use them in regression analysis. 


Results 


Model Results 


To test our hypotheses, we estimate the following regres- 
sion equations: 


(1) LI, = 00 + à X VE, +O, X RE, +, X BE, £j, 
and 


(2) 5. = B, +B, XLI, + Bo xS, +, 


where 


11 = loyalty intentions, 
VE = value equity, 
RE - relationship equity, and 
BE = brand equity. 


Overall, we found strong support for our model. The three 
drivers of loyalty intentions—value equity, brand equity, 
and relationship equity—explained 44.6996 of the variation 
in loyalty intention ratings. Value equity by itself would 
explain 36.85%, brand equity would explain 36.91%, and 
relationship equity would explain 20.4096 of variation in 
loyalty intentions. However, note that these percentages 
cannot be added up, because the equity drivers are not 
mutually exclusive. 

Brand equity has a strong impact on loyalty intentions 
(y = 32; t = 21.73, р < .01), closely followed by value 
equity with an almost identical coefficient (y = .32; t = 


TABLE 1 
Description of Items Used to Measure the Constructs 


—__ € I a — M — M —— ———— 


Coefficient Factor Composite 
Scale/Itema Alpha Loadings Rellabllity 
Value Equity .853 -905 
1. How would you rate your overall shopping experience at this store ‚782 
("extremely good value/extremely poor value")? 
2. The quality-price ratlo with the dealer with respect to products is very 762 
good. 
3. The quallty—price ratio with the dealer with respect to services 15 very ‚770 
good. 
4. For the time spent at this store, would you say shopping Is (“highly ‚753 
reasonable/highly unreasonable")? 
5. For the effort Involved in shopping at this store, would you say shopping .791 
is ("very worthwhile/not at all worthwhile”)? 
6. The store is very attractive. 679 
CFI = .912, TLI = .895, RMSEA = .079, SRMR = .042 
Relationship Equity .761 ‚846 
1. As a member of the loyalty program, they do services for me that they .518 
don't do for most customers. 
2.1 am familiar with the employees that perform the service. .808 
3.1 am glad to meet other customers in the store. 771 
4. Employees in that store know my name. .736 
5. | have trust т this store. ‚767 
CFI = .975, ТЦ = .949, RMSEA = .074, SRMR = .024 
Brand Equity .854 .913 
1. X is a strong brand. ‚882 
2. X is an attractive brand. ‚818 
3. X їз a unique brand. .768 
4. X is a likable brand. ‚829 
CFI = .968, TLI = .904, RMSEA = .115, SRMR = .035 
Loyalty Intentions .804 .910 
1. Would you repurchase at this store? .914 
2. Would you recommend this store to a friend? 914 


aWe measured the items using seven-point Likert scales anchored by "strongly agree” (1) and "strongly disagree" (7) and "very satisfled" (1) 


and "very unsatisfled" (7), unless otherwise noted. 


Notes: СА! = comparative fit index, TL! = Tucker—Lewis index, RMSEA = root mean square error of approximation, апа ЗАМА = standardized 


root mean square residual. 


TABLE 2 
Correlation Matrix 
Relation- 
Value ship Brand Loyalty 
Equity Equity Equity: Intentions 
Value equity 1 
Relationship 
equity .509 1 
Brand equity .693 .506 1 
Loyalty 
intentions .608 .453 .610 1 
AVE .569 529 724 .835 


Notes: AVE = average vanance extracted 


21.68, p « .01) and relationship equity (y = .13; t = 10.30, 
р < .01). Therefore, the data support Ну, Н», and Нз. With 
regard to the drivers of future sales, the results indicate that 
loyalty intentions have a direct and positive impact on 
future sales (y = 20.88; t = 2.38, p < .01), in support of H4. 


We also controlled for sales made to each customer for 
the six-month period before this survey. The results support 
an inertia effect, with a coefficient of ү = .63 (t = 5222, p< 
.01), indicating that past sales are good predictors of future 
sales. Therefore, Hs is supported as well. Overall, our 
model explained 34.71% of the variance of future sales. The 
results are summarized as follows: 


(3) LI = –.0178 + 4.32" x ҮЕ +.13* x КЕ + 32“ 
x BE + Е, adjusted R2 = .4469, 


and 

(4) ,715645* + 20.88* x LI+.63" XS,_ 1+ е, 
adjusted R2 = .3471, 

where 


S, = future sales; 
$, , = past sales; 
€ = error term (normally distributed); and. =. 
n.s. = nonsignificant, *p < .05, and **p < .01. ~. 
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Next, we compare the original model with one that 
includes direct links from the three equity drivers to future 
sales. To assess the difference in fit between the two mod- 
els, we performed a likelihood ratio test. This new model 
would have three degrees of freedom less. The results show 
a significant improvement in the fit (likelihood ratio — 
17.22, Ad.f. = 3, p « .01) between the original model and 
the new model, which includes three direct links between 
the equity drivers and future sales. In assessing total R- 
square of the new model, we find a total variance explained 
of 34.85%, compared with 34.71% in the original model. It 
seems that the positive impact of the three equity drivers is 
largely mediated by loyalty intentions.2 

We also assess the monetary impact of a change in loy- 
alty intentions. АП else being equal, an increase of loyalty 
intentions by one point would result in an increase of future 
sales by €20.88. If we take all 1.5 million customers of the 
retailer into account, this would mean an increase of future 
sales of €31.32 million. 


Test of Model Stability 


We also ran several alternative models—for example, two- 
part equity frameworks considenng only value equity and 
relationship equity, relationship equity and brand equity, 
and value equity and brand equity; one-part equity frame- 
works considering only value equity, relationship equity, 
and brand equity; and a simple regression model with all 
equities, loyalty intentions, and past sales directly influenc- 
ing future sales. Because none of these models show better 
fit indexes, our previously mentioned model seems to be a 
good representation of the data.3 

The model we propose uses 3SLS estimation. This tech- 
nique applies linear regressions to estimate coefficients. 
However, there might be nonlinear effects between the con- 
structs. To address this issue, we ran different nonlinear 
regressions between the three equity drivers and loyalty 
intentions and between loyalty intentions and future sales. 
We conducted these analyses in an exploratory way because 
we had no a priori hypothesis about the type of nonlinearity. 
The results show that using nonlinear regressions does not 
significantly improve model fit or the explanatory power of 
the model. This gives us faith in the stability of our concep- 
tual linear model.4 


Discussion 


Customer centrism is essential for a firm to flourish. Cus- 
tomer equity models offer a theoretical framework for mak- 
ing the firm customer centered. Our study was a result of 
opportunities provided by the existing literature in the per- 
formance outcomes of the three customer equity drivers— 
value equity, brand equity, and relationship equity. We used 
both survey data and real purchase data to examine the 





2For brand equity, there is full mediation because the direct link 
is not significant; the remaining two links are significant, so we 
have a partial mediation. 

3Additional information about the competing models is avail- 
able on request. 

4Additional information about the nonlinear models 1s available 
on request. 
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effects of the three equity drivers on consumers’ loyalty 
intentions and their future purchase behavior, while control- 
ling for past purchase behavior. 

Our study shows that all three customer equity drivers 
positively influence customers’ loyalty intentions toward a 
firm and that customers’ loyalty intentions have a positive 
effect on the firm’s future sales. Among the three drivers, 
brand equity and value equity are of primary importance in 
establishing future sales. This finding is in agreement with 
Lemon, Rust, and Zeithaml (2001), who note that value is 
the keystone of the relationship of a customer with a firm. If 
the product or service offered by the firm does not meet 
customer expectations, there is no need to establish brand 
equity and relationship equity. Our study also finds relation- 
ship equity to be a significant driver of loyalty intentions. 

The study also shows that future sales are directly influ- 
enced by loyalty intentions and past sales. Furthermore, 
they are indirectly influenced by value equity, brand equity, 
and relationship equity. Considering the equity drivers in 
particular, it is critical to understand that future sales could 
be influenced by marketing activities targeted toward 
increasing the perceived equity of the three strategic fields 
of investment: value, brand, and relationship. : 

By providing the statistical and implementation details 
necessary to implement the customer equity framework in 
practice, our study demonstrates that the customer equity 
drivers identified by Rust, Zeithaml, and Lemon (2000) can 
significantly predict future sales, even after we control for 
the current sales level. This means that apart from the well- 
known inertia effect, we identify drivers of future sales. 


Managerial Implications 


This study offers some helpful implications for managers. 
Our finding that value equity is of primary importance in 
establishing future sales suggests that a firm must meet cus- 
tomers' expectations, which can be considered an objective 
assessment of the utility of the firm's products and services. 
Value equity represents a customer's balancing of what is 
given up (price) and what is received in return (value). A 
firm could consider delivering to the customer different 
aspects of value, including quality service, quality product, 
price, convenience, and an engaging shopping environment. 
However, in doing so, managers must be cautious because 
treating all customers as homogeneous could misrepresent 
the value equity — loyalty intentions — future sales rela- 
tionship since the importance of value equity depends on 
the industry, the maturity of the firm, and the customer 
decision-making process (Lemon, Rust, and Zeithaml 
2001). Therefore, it is important that managers uncover the 
level of influence of various aspects of value on future sales 
for different customer segments in their business so that 
resources can be appropriately allocated, thus maximizing 
value equity. For example, in retailing, value could vary by 
type of shopper—those who seek low prices, those who are 
willing to pay higher prices for superior service or conve- 
nience, and those who buy at certain prestigious stores for 
status by paying very high prices. Thus, the store manager 
must choose from several possibilities to strengthen the 
value perception in the customer's mind, such as offering 


low prices, improving the quality of assortment, enhancing 
store ambience, and training employees to provide better 
customer service. 

Our finding that brand equity is of equal importance to 
value equity in predicting loyalty intentions and, ultimately, 
1n establishing future sales is noteworthy. When a brand is 
perceived as attractive and unique, customers are less likely 
to switch. Thus, managers must focus on establishing and 
sustaining brand equity to influence loyalty directly. In 
establishing brand equity, managers must focus on building 
brand awareness, improving brand image, and ensuring the 
consistency of delivery of a brand's promise at a level that 
surpasses the customer's expectations. Understanding the 
changing consumer environment and constantly upgrading 
the brand to ensure that the brand maintains its level of rele- 
vance to an ever-demanding consumer will belp managers 
sustain brand equity. Managers must avoid the common 
practice of employing price promotions and unwise brand 
extensions with the aim to achieve short-term financial 
results. These could cause irreversible deterioration of the 
value of the brand. In the retail industry, with its many com- 
peting suppliers, branding is especially important to influ- 
ence customer perceptions positively and drive store choice 
and loyalty (Ailawadi and Keller 2004; Peterson and Bala- 
subramanian 2002; Woodside and Walser 2006). Grewal, 
Levy, and Lehmann (2004) note that the rise of the retailer 
as a brand is one of the most important trends in retailing. 
Retailer brands, such as Wal-Mart, H&M, IKEA, and Tesco, 
demonstrate their success by their unique, strong, and dis- 
tinct brand image. These brands have gone beyond their 
advertising propositions through their product offering, the 
in-store events, and the visual excitement in each store. 

Furthermore, our study reveals that relationship equity 
is a significant driver of future sales. This suggests that 
firms must increase relationship equity by establishing and 
maintaining sound relationships with customers that will 
help cement customers to the firm. To achieve this, firms 
must consider setting up initiatives, such as community 
activities and loyalty programs, that provide "aspirational 
value" and establishing learning relationships with cus- 
tomers (Lemon, Rust, and Zeithaml 2001). Barnes (2001, 
title page) notes that "it's all about how you make them 
feel" For example, a retailer could motivate customers to 
build a community that rests on a structured set of relation- 
ships among "fans" of a brand (Algesheimer, Dholakia, and 
Herrmann 2005; Muniz and O'Guinn 2001). The retailer 
could benefit from including characteristics of a community 
in the loyalty program. Rosenbaum, Ostrom, and Kuntze 
(2005) indicate that members of loyalty programs who are 
engaged in the brand's community are more loyal than 
members of programs who are not offered this relationship 
benefit. By amplifying the nonfinancial benefits provided to 
the members of the loyalty program, the retailer could 
become more trustworthy (Winer 2001) while also creating 
switching barriers. In addition, establishing different 
“clubs” within the loyalty program could be beneficial. For 
example, following the approach of Tesco, which offers dif- 
ferent kinds of club memberships (e.g., baby and toddler 
club, food club, wine club, healthy-living club), members 
could be approached according to their needs, which may 


lead them to be emotionally bound to the retailer. Another 
way to achieve better relationship equity would be to 
improve the social value that comes with the relationship 
with the retailer. In a retail setting, as in our study, employ- 
ees play a pivotal role. It is necessary to have the same quali- 
fied and committed service personnel for a long time, so 
that customers can find "their" service employee (Harrison- 
Walker and Coppett 2003). Babakus, Beinstock, and Scotter 
(2004), Rucci, Kirn, and Quinn (1998), Stock (2005), and 
Weitz and Bradford (1999) suggest that employing highly 
skilled and motivated service personnel is one of the suc- 
cess factors in retailing. 

Finally, a challenge for managers who want to improve 
their marketing accountability is related to the lack of scien- 
tific approaches that link marketing actions with customer 
spending actions. Our study meets this challenge and 
informs managers how the proposed model could be 
applied to companies in understanding the drivers that are 
most important for influencing the buying behavior of their 
customers. This study also helps make the actions of man- 
agers accountable with respect to their ultimate impact on 
customers. These actions are critical in the retail industry, 1n 
which firms spend a considerable percentage of their reve- 
nues on marketing. The results of our study suggest that the 
limited marketing budget should be spent first on actions 
and programs to increase or maintain brand and value 
equity, followed by spending to enhance relationship equity. 
However, these results may apply only to the particular 
retail setting of our study: do-it-yourself retailing. Never- 
theless, and in line with findings from related empirical 
studies (e.g., Rust, Lemon, and Zeithaml 2004; Rust, Zeit- 
haml, and Lemon 2000), we would expect the three equity 
drivers to significantly predict loyalty intentions and future 
sales in different retail settings as well; only the relative 
importance might differ. 


Limitations and Further Research 


The substantive findings of our study must be viewed in the 
light of their limitations. First, our study analyzed a particu- 
lar retailer from one industry. Therefore, caution must be 
exercised in generalizing our findings to other retail 
organizations/industries. For an industry in which product 
quality differs largely among providers, value equity might 
be a source of sustainable competitive advantage, whereas 
in industries or retail settings in which involvement is low, 
establishing brand communities might not be a good invest- 
ment. Second, we analyzed data from customers who are 
current members of the loyalty program of this particular 
retailer. Thus, we could not draw any conclusions for poten- 
tial customers and related acquisition strategies. A good 
acquisition strategy might indeed be to build a strong brand. 
Third, we used questionnaire data from one point in time 
only. By doing so, we assumed that there was no time lag 
between a customer’s perception of the three equity drivers 
and the consequences, such as loyalty intentions. By estab- 
lishing more measurement points over time, stronger infer- 
ences could be made about the constructs and their causal 
sequence (Bolton 1998). In addition, examining the impact 
of a change in some marketing activity on related customer 


Customer Equity Drivers and Future Sales / 105 


perceptions and outcome variables would be a promising 
area for further research. 

It would also be fruitful to discuss the complex concept 
of loyalty intentions in more detail (for an overview, see 
Malle, Moses, and Baldwin 2001). The model should be 
reconciled with psychological approaches to the study of 
explanation, including causal judgment theory, the inten- 
tional approach, the communicative approach, and/or the 
folk-theoretical approach. 


Finally, it might be useful to examine the extent to 
which the three types of equity drivers have different effects 
on specific aspects of purchase behaviors. For example, 
relationship equity may have stronger effects on the number 
of purchases per month, whereas brand and value equity 
may have an impact on the number of items purchased per 
visit. Further research in this area would deepen the under- 
standing of the impact of equity drivers on loyalty inten- 
tions and more specific customer purchase behavior. 
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Where Did All That Money Go? 
Understanding How Consumers 
Allocate Their Consumption Budget 


All types of consumer expenditures ultimately vie for the same pool of limited resources—the consumers 
discretionary income. Consequently, consumers' spending in a particular industry can be better understood in 
relation to their expenditures in others. Although marketers may believe that they are operating in distinct and 
unrelated industries, it is important to understand how consumers, with a given budget, make trade-offs between 
meeting different consumption needs. For example, how much would escalating gas prices affect consumer 
spending on food and apparel? Which industries would gain most in terms of extra consumer spending as a result 
of a tax rebate? Answers to these questions are also important from a public policy standpoint because they 
provide insights into how consumer welfare would be affected as consumers reallocate their consumption budget 
in response to environmental changes. This study proposes a structural demand model to approximate the 
household budget allocation decision, in which consumers are assumed to allocate a given budget across a full 
spectrum of consumption categories to maximize an underlying utility function. The authors illustrate the model 
using Consumer Expenditure Survey data from the United States, covering 31 consumption categories over 22 
years. The calibrated model makes it possible to draw direct inferences about the trade-offs individual households 
make when they face budget constraints and how their relative preferences for different consumption categories 
vary across life stages and income levels. The study also demonstrates how the proposed model can be used in 
policy simulations to quantify the potential impacts on consumption patterns due to shifts in prices or discretionary 


income. 
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marketing literature focus on within-category pur- 
chase decisions—for example, incidence, brand 
choice, and quantity within a single product category (e.g., 
Chiang 1991; Chintagunta 1993; Gupta 1988). More 
recently, several models have been developed to analyze 
choice behavior across multiple categories using shopping 
basket data (Seetharaman et al. 2005). For example, Man- 
chanda, Ansari, and Gupta (1999), Russell and Petersen 
(2000), and Chib, Seetharaman, and Strijnev (2002) exam- 
ine multicategory purchase incidence decisions. Russell and 
Kamakura (1997), Ainslie and Rossi (1998), Iyengar, 
Ansari, and Gupta (2003), and Singh, Hansen, and Gupta 
(2005) investigate multicategory brand choice decisions. 
Song and Chintagunta (2006) model multicategory inci- 
dence and brand choice decisions jointly, and Song and 
Chintagunta (2007) allow for incidence, brand choice, and 
quantity decisions across multiple categories. 
In contrast to research that focuses on multicategory 
choice behavior, in which the budget for a particular shop- 
ping trip is allocated across a few selected product cate- 
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gories, few empirical studies in the marketing literature 
have focused on modeling how consumers allocate their 
limited discretionary income to meet different consumption 
needs, in which trade-offs must be made across a wide range 
of expenditure categories (e.g., food, apparel, recreation, 
transportation, medical and personal care). The empirical 
studies that examine consumer expenditures either are 
descriptive in nature (e.g., Ferber 1956; Ostheimer 1958), 
focusing on a particular demographic group (e.g., elderly 
[Goldstein 1968], working wives [Bellante and Foster 
1984]) or a particular consumption category (e.g., food 
[Rogers and Green 1978], energy [Fritzsche 1981], services 
[Soberon-Ferrer and Dardis 1991]), or use univariate mod- 
els that ignore the interdependencies across consumption 
categories (e.g., Du and Kamakura 2006; Rubin, Riney, and 
Molina 1990; Wagner and Hanna 1983; Wilkes 1995). 
Empirical studies on consumption have been far more 
common in economics than in marketing. In economics, the 
main issue has been the intertemporal trade-offs consumers 
make when choosing between current and future consump- 
tion (e.g., Deaton 1992; Gourinchas and Parker 2002); here, 
all the consumption expenditures are typically lumped into 
one aggregate account, and the real focus is on the accumu- 
lation of assets/debts. In the instances when economists 
consider the allocation of current consumption budget into 
different products and services, the focus has been either on 
a small number of broad commodity groups, such as food, 
clothing, and housing (e.g., Deaton and Muellbauer 1980; 
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Pollak and Wales 1978), or on a limited set of more nar- 
rowly defined goods, such as different types of recreation 
(Phaneuf, Kling, and Herriges 2000), urban transportation 
(Kockelman 2001), food consumed at home (Kao, Lee, and 
Pitt 2001; Kiefer 1984), energy (Bousquet, Chakir, and 
Ladoux 2004), and print/online newspapers (Gentzkow 
2007). 

This relative disregard for consumption budget alloca- 
tion in marketing research might be due to the primary 
interest of manufacturers and retailers in influencing con- 
sumer choices toward their brands. However, consumer 
expenditures across seemingly unrelated industries are 
ultimately interrelated through the budget constraint and 
therefore should be viewed from a systemic perspective. 
Marketing researchers should devote more attention to 
understanding how consumers allocate their consumption 
budget to meet all kinds of competing needs and how the 
resultant expenditure patterns are 1nfluenced by factors such 
as income levels, inflation rates, and family life stages. For 
example, recent economic trends in the United States have 
focused consumer attention on concerns such as spiraling 
price increases in energy, health care, and education. Firms 
such as supermarkets that expand into mass-merchandising 
and fuel centers or manufacturers that diversify into con- 
glomerates with multiple lines of business need to under- 
stand and anticipate how industry demands change as con- 
sumers respond to these dramatic shifts in prices by 
adjusting their consumption patterns while satisfying their 
budget constraints. Which industries are most affected? 
How do the responses differ from low- to high-income 
households and from younger to older families? Similar 
questions have also been raised in the public policy arena 
because policy makers need to understand how spikes in the 
costs of health care, education, and energy affect con- 
sumers' everyday lives or to make projections about the 
potential impact on consumption of a new tax levy or 
rebate. To answer such questions, demand models that can 
approximate individual households' budget allocation deci- 
sions for any given prices across a full spectrum of con- 
sumption categories are needed. 

Furthermore, as is often noted, tomorrow's consumers 
will have more choices, and as a result, tomorrow's firms 
will face increasingly more intense cross-industry competi- 
tion as consumers make trade-offs not only within product 
categories but also across categories. For example, a recent 
study showed a decline in confectionery sales ашопр teens 
because teens were using their pocket money for text mes- 
saging, not candy bars; similarly, after analyzing consumer 
food expenditure data, Campbell Soup Company realized 
that it was competing across a variety of industries that 
included McDonald's and Burger King (Allen and Rigby 
2005). Thus, marketers need to understand better how 
consumer spending in one industry may be substituted by 
expenditures in others and how such cross-industry substi- 
tution patterns may vary across the population. To do this, 
again, it is necessary to model consumer budget allocations. 

Finally, as households evolve through the family life 
cycle, their consumption priorities and, therefore, expendi- 
ture pattern will change. In a society such as the United 
States, in which demographic composition has been going 
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through major shifts, the proportion of consumers in differ- 
ent life stages will vary substantially over time. Thus, to 
project primary demand (i.e., the demand for a general 
product category), it is necessary to consider simultane- 
ously population trends and differences in consumption pri- 
orities of different demographic groups. 

In summary, we believe that modeling consumer budget 
allocation should be of particular importance to marketers 
and public policy makers, especially in light of the dynam- 
ics of economic conditions (e.g., different inflation rates in 
different industries), cross-industry competition, and demo- 
graphic trends (e.g., aging population, more nontraditional 
households). However, to develop a proper budget alloca- 
tion model, the following three major challenges must be 
addressed. 

The first challenge is that of high dimensionality. A 
compressive study of consumer budget allocation should 
include as complete a set of consumption categories as pos- 
sible. This makes high dimensionality a challenge from the 
modeling standpoint. For example, the consumer products 
and services hierarchy used by the Bureau of Labor Statis- 
tics (www.bls.gov/data/) to calculate the Consumer Price 
Index (CPI) comprises 11 major categories (food, alcohol, 
housing, apparel, transportation, medical care, recreation, 
education, communication, tobacco, and personal care), and 
34 subcategories (e.g., food at home and away from home; 
alcoholic beverages at home and away from home; shelter, 
fuels, and utilities; household furnishings and operations). 
At the lowest level, the CPI hierarchy consists of approxi- 
mately 200 mutually exclusive items. It would be intract- 
able to build a budget allocation model that includes 200- 
plus categories. This raises the issue of the appropriate level 
of aggregation. At one extreme, for example, a model that 
considers only the 11 major CPI categories could be built. 
The upside would be the relative ease of implementation, 
but the downside would be a potential loss of important 
behavioral and managerial insights. Currently available 
consumer demand models, such as the linear expenditure 
system (LES) (Kao, Lee, and Pitt 2001; Pollak and Wales 
1969; Stone 1954), the almost ideal demand system (AIDS) 
(Barnett and Seck 2006; Deaton and Muellbauer 1980; 
Dreze, Nisol, and Vilcassim 2004), the Rotterdam model 
(Barten 1964; Clements and Selvanathan 1988; Theil 1965; 
Vilcassim 1989), or the translog model (Christensen, Jor- 
genson, and Lau 1975; Srinivasan and Winer 1994), would 
be impractical to account for the interdependencies across 
more than a few consumption categories because of the 
large number of covariance terms and/or cross-category 
interaction effects to be estimated. This is also the case for 
the existing multicategory choice models in the marketing 
literature. Thus, to strike a balance between practicality and 
richness, we propose a factor-analytic extension of the 
demand system that Kao, Lee, and Pitt (2001) propose, 
making it feasible for inclusion of a set of 31 expenditure 
categories, which are aligned (to the degree data are avail- 
able) with the CPI subcategory structure mentioned 
previously. 

The second challenge is that of binding nonnegative 
constraints. A common feature of consumer expenditure 
data is that most households spend money in only a subset 


of categories. The pattern of zero consumptions varies from 
household to household and contains important information 
about individual preferences, making it crucial to model 
them explicitly. Unfortunately, such a requirement rules out 
any demand systems in which all categories are assumed to 
be consumed by all households, an assumption we demon- 
strate subsequently to be vastly violated in household 
expenditure data. In other words, heavily censored expendi- 
ture data render many popular demand systems, such as the 
AIDS, Rotterdam, or translog, inapplicable because they are 
all derived from first-order conditions of constrained utility 
maximization problems, assuming the existence of interior 
solutions for all goods. As a result, they would predict posi- 
tive expenditures in all categories for all households, which 
would be biased and inconsistent with the actual data. In 
contrast, we accommodate the binding nonnegative con- 
straints observed in household budget allocations by 
proposing a budget allocation model in which both the 
“whether-to-spend” and the “how-much-to-spend” deci- 
sions result from a common utility maximization problem, 
allowing for inferences about a unified preference structure 
from both zero and nonzero observations. Àn important 
advantage of using a common utility function for both inci- 
dence and quantity decisions is parsimony, which is desir- 
able given the high dimensionality of the demand system. 

The third challenge is that of unobservable heterogene- 
ity. Consumer expenditure data consistently depict large 
variations in the pattern of budget allocation across house- 
holds. Manifested in these patterns are the different con- 
sumption priorities of different households. Capturing these 
individual differences is important for models of budget 
allocation because doing so can provide valuable insights 
into how consumers would respond differently to changes 
in external (e.g., price shocks, tax rebates) and internal 
(e.g., life stage changes) conditions. To account for hetero- 
geneity in preferences, existing studies of household budget 
allocation have relied solely on demographic variables, 
such as age, income, ethnicity, and family composition. 
However, as the choice modeling literature has shown, 
demographics can often explain only a small portion of 
heterogeneity in consumer preferences. In the context of 
budget allocation, unobservable heterogeneity may be 
revealed through the interdependencies of consumption 
across categories. This is not a trivial task given the two 
challenges (i.e., high dimensionality and binding nonnega- 
tive constraints) we discussed previously. Conversely, as we 
show in our empirical application, accounting for unobserv- 
able heterogeneity is beneficial in that it leads to a more 
flexible demand system at the aggregate level. 

In summary, we believe that it is important for mar- 
keters to be able to infer the underlying cross-category 
trade-offs households make in allocating their consumption 
budget, so that we can then predict how these allocations 
will change in response to shifts in prices or discretionary 
income and how differences in preferences across house- 
holds lead to different consumption patterns. To understand 
how households allocate their consumption budget across a 
full spectrum of expenditure categories, we use a budget 
allocation model built on an approach first proposed by 
Wales and Woodland (1983) and then extended by Kao, 


Lee, and Pitt (2001) (hereinafter, the KLP model), assuming 
that households allocate their consumption budget to maxi- 
mize a utility function that is linear in the logarithms of 
quantity consumed less a constant for each category (this is 
also referred to as the "Stone-Geary utility"). This budget 
allocation model tackles the aforementioned three chal- 
lenges, leading to a demand system that (1) is feasible fora 
large number of consumption categories (which is not the 
case with the KLP model), (2) allows for corner solutions 
observed in censored expenditure data, and (3) results in a 
globally flexible aggregate demand system for each con- 
sumption category by obtaining household-level estimates 
of the direct utility function. Next, we briefly review the 
LES model and describe our more flexible extension to the 
KLP model. Then, we apply our proposed factor-analytic 
random coefficients budget allocation model to the Con- 
sumer Expenditure Survey (CEX) data from the United 
States, covering 31 consumption categories over a period of 
22 years. We conclude with a discussion and directions for 
further research. 


Modeling Consumption Budget 
Allocation 


Our main purpose in this study is to develop a reasonable 
*as-if" model that approximates how individual households 
allocate their consumption budget across a comprehensive 
set of expenditure categories. Because each household con- 
sumes only a subset of all consumption categories, our 
observed expenditure data are censored. Thus, we need a 
demand system that can accommodate many consumption 
categories and allow for corner solutions. As we mentioned 
previously, these requirements rule out the most popular 
demand systems, such as the AIDS, Rotterdam, and 
translog models, all of which (1) quickly become impracti- 
cal for more than a couple dozen consumption categories 
and (2) require nonzero consumption in all categories. For 
these reasons, we extend the KLP budget allocation model 
to consider simultaneously whether-to-spend and how- 
much-to-spend decisions. Our model is distinguished from 
the KLP model in two important aspects. First, the KLP 
model is feasible only when the focus is on a small number 
of consumption categories, accounting for only part of the 
household budget (e.g., seven types of food items). How- 
ever, for a comprehensive analysis of household budget 
allocation, the high-dimensionality challenge is inevitable. 
Rather than limiting the analysis to a high level of aggrega- 
tion or lumping a large number of distinct expenditure items 
into an "other" category, our proposed approach affords tbe 
flexibility to cover the full spectrum of household consump- 
tion budget allocation at a low level of aggregation. Second, 
to account for a large number of consumption categories 
while allowing for individual differences in category prefer- 
ences and a rich pattern of correlation in these preferences 
across categories, we extend the KLP model by imposing a 
flexible factor structure to the covariance matrix of the sto- 
chastic taste parameters that govern individual households’ 
consumption priorities. 

We assume that household h maximizes a continuously 
differentiable, quasi-concave direct utility function G(x) 
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over a set of J nonnegative quantities хр = (Хур, Xop, ..., Ху), 
subject to a budget constraint p’x, < my, where р = (py, рә, 
.... Py)’ > 0, p, is the price of good i, and m, is household h's 
total consumption budget/discretionary income. Following 
the work of Wales and Woodland (1983) and Kao, Lee, and 
Pitt (2001), we use the Stone-Geary utility function, which 
has the following form: 


J 
Ф Со) = Уак - B). 


1=1 


where Œn > 0, (x — Bj) > 0, and J is the number of all avail- 
able consumption categories. The h subscript in Œp implies 
that the utility function is household specific. The Kuhn— 
Tucker conditions for the household’s optimization problem 
are as follows: 0G(x;,)/dx;, — Ep, € 0 for Хр = 0, and 9G(xy)/ 
OX, — Бр, = 0 for x, > 0, such that p’x, — m, € 0 < £, where 
& denotes the Lagrange multiplier or marginal utility per 
dollar. 

The budget allocation problem we described implies 
that the household incrementally allocates its discretionary 
income to the consumption category that produces the high- 


est marginal utility per dollar, 


9GG)1 _ о — 
Ox, P, (рх b» р,В,)' 


given the current consumption levels Ху, until the budget is 
reached, E) _ руху = mg. The solution of this optimization 
problem leads to the following expenditure system, which is 
linear in discretionary income and prices (thus the label 
LES in the literature): 


J* 
0) рж = PLB, | = Ўр) за је 


j=l 


where ду = 014,/E)"_ ја у and J* is the set of consumed 
goods (1.е., with positive expenditures). 

Note that the demand system given by Equation 2 is 
defined only for a particular consumption regime J*. If the 
pattern of nonzero expenditures changes, both the intercepts 
and the slopes of the demand system will also change. In 
other words, the model implies that there is an optimal con- 
sumption regime for each household at each combination of 
budget and prices, and only within a particular consumption 
regime are category expenditures linear functions of budget 
and prices; across consumption regimes, the demand sys- 
tem is piecewise linear. In addition, rather than imposing 
arbitrary censoring mechanisms, such as the Tobit regres- 
sion model (Amemiya 1974), the approach based on the 
Kuhn-Tucker condition allows for zero consumption as a 
corner solution to a constrained utility maximization prob- 
lem. It also ensures that predicted expenditures will always 
be nonnegative and sum to the budget. 

Unlike existing budget allocation analyses, which either 
ignore heterogeneity or allow for heterogeneity only 
through demographics, we take advantage of the multivari- 
ate nature of the estimation problem (ie., 31 points of 
expenditure data per household) and obtain household- 
specific estimates of the preference parameters (0), which 
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means that the slope parameters (01) of the demand system 
will be unique to each household as well.! Because each 
individual household has a unique consumption regime 
(and, therefore, a different regime switching point) and a 
different set of demand function parameters, the implied 
aggregate demand can be highly nonlinear, overcoming a 
common criticism of the inflexibility of the original LES 
model. 

Given the model we described, the researcher's problem 
is to infer consumers’ utility function parameters (1.e., Oih 
and B,) given the observed budget allocations and prices. 
The KLP model deals with variation in preferences across 
households by treating Сур as stochastic; that is, Œh = 
ехрбу, + ев), where £} ~ МО, 2). Kao, Lee, and Pitt (2001) 
demonstrate that estimation through maximum likelihood is 
feasible only for simple problems with few consumption 
categories because it requires the evaluation of a multivari- 
ate normal cumulative density function. To circumvent this 
serious limitation, Kao, Lee, and Pitt propose to estimate 
their model with simulated maximum likelihood. 

Although the KLP approach simplifies estimation con- 
siderably, the model formulation still limits the number of 
consumption categories that can be handled (e.g., only 
seven categories are considered). Specifically, the KLP 
model requires [(J – 1) x J]/2 parameters for the covariance 
matrix У. An analysis of ће СЕХ data with 31 consumption 
categories would require the estimation of (30 x 31y2 = 
465 covariance terms. In addition, the stochastic formula- 
tion of Œp in the КІР model does not allow for household- 
level estimates of the taste parameter, which can be 
achieved through our formulation. This distinguishing char- 
acteristic of our model is particularly important because the 
ability to estimate the household-specific taste parameter 
(X enables us to perform more realistic policy simulations 
that account for individual differences in consumption pri- 
orities and for a rich pattern of correlation in preferences 
across categories. 

To account for unobserved heterogeneity in the taste 
parameter (©) for each category i and still have a model of 
feasible size, we propose a factor-analytic extension of the 
КҮР random coefficients mode! by extracting the principal 
components of the covariance matrix of the stochastic 
terms: 


(3) Oh = exp(y, + 2 + En), 
and 
(4) В, = min(x,) – exp(n,), to ensure that x, — В, > 0 for Vh, 


where 





lFor identification purposes, in our empirical analysis, O} is set 
to 1 for food at home. In other words, all the preferences are rela- 
tive to the consumption of food at home. For identification pur- 
poses, we assume that B,, is the same across households (i.e., Њу = 
B,) as a result of an indeterminacy that would produce the same 
marginal utility, #С(х„)/9хь = 0х — В), at any given con- 
sumption point for an infinite pairs of ot, and фу. In other words, 
this parametric assumption is imposed without loss of generality 
and has no impact on any of our substantive findings. 


ећ = the geometric mean of the taste parameter Qt for 
category i across the sample, 

у = а p-dimensional vector of 1.1.4. standard normal 
factor scores for household h, 

М = a p-dimensional vector of factor loadings for cate- 
догу i, and 

£y = а random disturbance normally distributed with 
mean zero and standard deviation б,. 


Although у and 7, provide insights into the average 
preference for category i, the product of the factor loadings 
(A;) and factor scores (Zp) will show how much higher ог 
lower the (log) taste of household h is relative to the aver- 
age. Moreover, the factor loadings А = (A4) capture the 
essential information about how (log) tastes covary across 
categories and households because the covariance matrix 
for their distribution can be directly obtained as A'A. Thus, 
if two categories i and j have high loadings (A) of the same 
sign on the same dimensions of the latent factors (Z), 
households assigning a high (low) utility to one category 
will also assign a high (low) utility to the other. In other 
words, the results from our factor-analytic model can pro- 
vide valuable insights into how interrelated the consump- 
tion categories are across consumers. 

In summary, a key benefit of our proposed factor- 
analytic random coefficients LES model (compared with 
the KLP model) is that it enables estimation of the direct 
utility function for each household in more realistic applica- 
tions with a large number of consumption categories (high 
dimensionality), many of which may not be consumed by 
all households (censored data). Moreover, our proposed 
factor-analytic extension to the KLP model allows not only 
for unobserved heterogeneity in ше household’s taste (oup) 
for each consumption category but also for a rich pattern of 
correlation in these tastes across categories. Details about 
the estimation of our model with simulated maximum like- 
lihood appear in the Appendix. 


implications of the Budget 
Allocation Model 


A common criticism of the Stone~Geary utility function - 


assumed in Equation 1 is that it does not allow for potential 
complementarity between categories. Although this 
assumption could be limiting when studying consumption 
at a more micro level (e.g., pasta and pasta sauce should be 
complementary because the utility derived from consuming 
them together is greater than the sum of utilities derived 
from consuming them separately), the additive separable 
utility assumed by the Stone-Geary function is not as 
restrictive in a broader analysis of how consumers allocate 
their discretionary income, because at that point, all con- 
sumption categories are ultimately substitutes as they com- 
pete for the same budget. 

Furthermore, as Gentzkow (2007, pp. 714—15) dis- 
cusses, separating complementarity between consumption 
categories from correlation of consumer preferences across 
categories would require additional variables that discrimi- 
nate among consumption categories and/or longitudinal 
data for each household. Unfortunately, because consumer 


expenditure surveys (e.g., the CEX) are usually done on an 
annual basis, so that the analyst has only one observation on 
how the household allocated its consumption budget across 
various expenditure categories, it is not possible to discern 
true complementarity between categories from correlation 
in consumer preferences across categories. Finally, given 
the high dimensionality involved in modeling households' 
budget allocations across a comprehensive list of expendi- 
ture categories, it is empirically intractable to consider 
potential interaction effects among all the categories (e.g., 
[30 x 31]/2 = 465 additional parameters would be needed to 
allow for all the potential interaction effects in the utility 
function in our analysis). In summary, for both theoretical 
and practical purposes, in a household budget allocation 
analysis such as ours, a main-effect-only utility function, 
such as the Stone-Geary utility, should be viewed as a rea- 
sonable as-if model, which precludes complementarity 
between consumption categories. 

By accounting for unobservable heterogeneity in prefer- 
ences across households, our factor-analytic random coeffi- 
cients LES model produces a globally flexible demand sys- 
tem when aggregated cross-sectionally. At the individual 
level, the additive separable Stone-Geary utility function 
implies that consumption of one category does not interact 
with consumption of another category. This means that 
preferences for different consumption categories are locally 
independent (i.e., within a particular household, consump- 
tion of one category does not affect the marginal utility of 
consuming another category). However, in our proposed 
model, preferences for different consumption categories do 
not need to be independent across households, because the 
factor structure embedded in oj allows tastes to be globally 
correlated, making it possible, for example, that consumers 
who have a high (relative to other households) preference 
for tobacco products also have a high preference for alcohol 
consumption. 

The own- and cross-price elasticities implied in our 
model for consumption categories i and j are defined at the 
household level, respectively, as follows: 


d Әп у 2-00), 
дар, Xy 

and 

© dta „ш РР, 


nim 
дар, рХћ 
where 


gt = C Е ехр(ү, +À Zp +2) 
ıh r је * 

> ж ЈУ ехрбу + 4,25, +E) 
jel jel 


Note that these elasticities depend on the household’s factor 
scores (Z,) and the factor loadings for the particular cate- 
gories involved (А,). 

Note also that the elasticities are defined at the house- 
hold level. Given that the taste parameters аду are correlated 
&cross consumption categories and households (according 
to the pattern reflected in the latent factors), our model 
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allows for covariation in the consumption pattern across 
households, and the resultant aggregate demand system is 
much more flexible than the traditional (no unobservable 
heterogeneity) LES demand system. Despite this flexibility, 
the proposed model still assumes an additive separable 
utility function, which precludes complementarity between 
categories. To demonstrate this, using Equation 6, we can 
readily derive the aggregate (population-wide) cross- 
elasticities (Equation 7) and decompose them into income 
and substitution effects (Equations 8 and 9, respectively) 
(Bohm and Haller 1987). By definition, Equation 7 equals 


Equation 8 plus Equation 9. 
an) x, Ув, 


(7) Aggregate cross-elasticities; ——2—— = — Р). 
дар, X р 
1h 1 





h 
дщ № вы 
(9) Substitution effects: 
дар | 


Ys (хь г Ву) 
= Р, 
хь Р, | 
h 


Note that after the income effects (Equation 8), which are 
all negative, are accounted for, the substitution effects 
(Bquation 9) are all positive. This implies that after the bud- 
get constraint is accounted for, all categories are substitutes, 
ruling out the possibility for complementarity. In other 
words, consumption of one category does not increase the 
marginal utility of any other category, and therefore the 
resultant demand system cannot predict that consumption 
of pasta will positively affect consumption of pasta sauce. 
Although this limitation might be critical in detailed analy- 
ses among a few product categories, such as within food 
consumption, it is less important in studies of household 
expenditures involving a larger number of broadly defined 
commodity groups, particularly when data are available 
only at one period for each household. 

In addition to price elasticities, another property of 
demand systems commonly considered in consumption 
analysis is the Engel curve, which relates consumption in 
each category to the total consumption budget. If defined on 
quantity, the Engel curve implied by our model is Jinear in 
the budget mg, with the slope proportional to 05, and 
inversely proportional to price p,: 


г 
e 
(10) xs ЭУ) 
1 j=l 
which implies that the income (or budget) elasticities are as 


follows: 
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Note that the Engel curve implied by our model applies 
to a specific consumption regime—namely, the set of posi- 
tive consumption goods, J*. When the consumption budget 
(my) increases, the demand regime (J*) may change, which 
means that the intercepts and slopes of Equation 10 will 
also change. More specifically, as the budget is distributed 
across a larger consumption set, intercepts will continue to 
increase, and slopes will continue to decrease; that is, the 
Engel curve becomes flatter. Consequently, when signifi- 
cant shifts are observed in the demand regime over a range 
of incomes, we can note only that the Engel curve is piece- 
wise linear. Moreover, the Engel curve is typically defined 
for the same household across different income levels. 
Again, because we allow for heterogeneities in the taste 
parameter он, we account for the possibility that changes in 
discretionary income also result in changes in the utility 
function, so that shifts in income may result in cross- 
sectional changes in the Engel curve as well as movements 
along an individual Engel curve, thus producing highly non- 
linear Engel curves. In other words, although the traditional 
LES demand system implies linear Engel curves for an 
individual household at its current consumption regime, our 
extension produces globally flexible aggregate demand 
structures with nonlinear Engel curves, again leading to a 
more flexible and realistic demand system at the population 
level than the traditional LES system. Our empirical results 
(which we discuss in detail subsequently) illustrate how 
well our factor-analytic extension of the LES demand sys- 
tem produces more flexible and realistic Engel curves than 
the traditional system. 

If defined on expenditure share, the Engel curve is 
inversely proportional to mp, 


y 
Р.Х P, ^ Pj 
11 = == = — +0 l= Д , 
(11) Sih Bs | у; ^ 


m 
h = 


and the slope of the Engel curve is inversely proportional to 
the square of m,, 


је“ 
Ув, 


ds p j=l 
(12) IA = St) ge 11|. 
dm, ш? ш р,В, 


Given ће consumption regime J*, Equation 12 suggests 
that expenditure share can be an increasing or decreasing 
function of consumption budget, depending on the relative 
sizes of ду and р,В,51 = 1P,B,- However, regardless of the 
direction of change, the Engel curve of expenditure share 
becomes less sensitive to consumption budget as the latter 
increases. 


Consumption Patterns in the United 
States: 1982—2003 


As an illustration of our proposed consumption budget allo- 
cation model, we apply it in an analysis of household 


expenditures in the United States for a period of 22 years. 
The goal here is to obtain household-level estimates of their 
direct utility functions across a comprehensive set of con- 
sumption categories and use these estimates to gain insights 
into the consumption priorities across different types of 
households and income levels over the 22 years covered by 
our data. Rather than directly relating the utility functions to 
demographics, we first use our factor-analytic random coef- 
ficients approach to obtain estimates of the utility function 
for each household in the sample, leveraging the pattern of 
covariation across consumption categories, and then we 
investigate how these estimates differ across household 
types and income levels. 


Data Description 


To estimate our model, we use the CEX family extracts 
made available by the National Bureau of Economic 
Research (NBER) for the 1982-2003 period (http://www. 
nber.org/data/ces_cbo.html). The CEX is collected from 
different samples each year, so that each of the 66,368 
households in this sample reports its consumption expendi- 
tures for only one year, and therefore the sample cannot be 
treated as a longitudinal panel. These NBER extracts from 
the CEX database contain the dollar amounts allocated by 
each sample household during a one-year window across 31 
consumption categories.? In defining these broad consump- 
tion categories, we followed the typology NBER uses. 

For each of the 31 consumption categories and 22 years 
in the CEX-NBER data, we collected the relevant price 
index from the Bureau of Labor Statistics, which we nor- 
malized with 1982 as the base year. Figure 1 summarizes 
these price indexes. Each vertical line within a bar repre- 
sents one year of data; note the large variation in inflation 
rates across categories, with the largest increases in 
tobacco, education, and health care. 

Figures 2 and 3 provide a summary description of the 
consumption data from 1982 to 2003. Figure 2 shows the 
percentage of households in the CEX sample reporting 
expenditures in each category, with low incidence rates 
(less than 40% of the sample) for several categories, such as 
hospital and related services, airline fare, public transporta- 
tion, nonprescription drugs, and medical supplies. The fig- 
ure shows some clear trends in consumption in the two 
decades under study. For example, the reporting of tobacco 
and alcohol consumption declined during this period. There 
is a similar decline in incidence rate for doctors, dentists, 
and hospitals, which might be due to the increase in inci- 
dence rate for health insurance. Another category worth 
noting is jewelry and watches, for which there was a sub- 
stantial drop in incidence rate. Most important, Figure 2 
shows that other demand systems, such as the popular AIDS 
and Rotterdam models, would be inappropriate for this type 
of analysis because they assume that all households spend 





2We excluded three categories from the consumption budget: 
purchases of new and used automobiles, home rentals or equiva- 
lence, and home mortgages. Our rationale for excluding these 
categories was that they do not represent discretionary expendi- 
tures within a particular year because they typically involve install 
payments that are spread over a longer horizon. 


on all categories, even when this assumption clearly does 
not hold, except for food at home. 

Figure 3 shows how households have allocated budget 
across categories. On average, food and clothing took a 
smaller portion of the household budget over the years, 
whereas health insurance took a larger share. Although the 
incidence rate of tobacco usage décreased during the 22- 
year period, tobacco consumption took an increasing por- 
tion of the budget among those who still smoke. The por- 
tion of the budget allocated to motor and home fuel 
decreased substantially in the 1980s but seems to have 
increased in the last few years. 

Aside from the expenditure data, we also used demo- 
graphic data from the CEX-NBER extracts to classify each 
sample household into a specific life stage, using the typol- 
ogy that Du and Kamakura (2006) propose. Table 1 
describes the typical profile of each life stage. The last col- 
umn of Table 1 reports the results from our classification of 
the CEX-NBER sample into this typology. This typology 
proves useful when we compare the patterns of preferences 
across households and consumption categories. 


Estimation Results 


To find the best compromise between parsimony and good- 
ness of fit, we applied our proposed budget allocation 
model to a random sample of 9526 households from the 
CEX-NBER extracts, varying the number of factors (Z4) 
from p = 3 to p = 8. From Bayesian information criterion 
and the interpretability of the factor solution, we chose the 
six-factor solution and applied it to the entire sample of 
66,683 households in the CEX-NBER data. We report the 
parameter estimates and the goodness-of-fit measures in 
Table 2. The R-squares reflect our model’s overall perfor- 
mance in predicting budget shares for each category, includ- 
ing observations with zero expenditures. It is calculated as 
follows: 1 — (Sum of squared prediction error/Variance of 
observed shares). At first glance, some of the R-squares in 
Table 2 may seem low. However, we computed these 
R-squares across a large sample of households according to 
estimates obtained from a smaller sample of households. 
Note also that for low incidence categories, the dependent 
variable is highly censored (i.e., with a lot of zero shares 
and relatively few positive values). For these categories, the 
R-squares tend to be the lowest because the model must 
correctly predict both incidence and the budget share condi- 
tional on incidence. The more pertinent goodness-of-fit 
measure for these categories is the hit ratio, which repre- 
sents the percentage of correct predictions with respect 
to whether a household has positive consumption in a 
category. 


Engel Curves by Consumption Category 


We can attain a better sense of the flexibility afforded by 
our proposed model by comparing the cross-sectional Engel 
curves implied by our model with their observed counter- 
parts. To obtain the cross-sectional Engel curves, we first 
computed the expected expenditure shares for each house- 
hold ($), as shown in Equation 11, according to the indi- 
vidual estimates of Фау = ехр@, +Â, Zp + 46,2) and the other 
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FIGURE 1 
Price Indexes 1982-2003 (1982 = 100) 
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model parameters Ê), and then we averaged these expected 
shares within each income decile. We report the actual and 
model-implied cross-sectional Engel curves for some of the 
product categories in Figure 4, which shows that the curves 
implied by our proposed model conform well to their 
observed counterparts. Most important, Figure 4 shows that 
our factor-analytic random coefficients formulation can 
accommodate monotonically increasing shares (as income 
decreases) for essential categories (e.g., electricity, tele- 
phone, food at home) and decreasing shares (as income 
decreases) for nonessential categories (e.g., food outside the 
home, recreation, education, lodging away from home). 
Moreover, the model is flexible enough to capture certain 
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inflections in the Engel curve, as is evident for the food-at- 
home category (from concave to convex as income 
decreases). It also captures nonmonotonic shapes, such as 
an inverted U shape for motor fuel and a U shape for public 
transportation, reflecting that at the lowest income deciles, 
more private transportation is substituted with public 
transportation. 


The Principal Components of Consumption 


From Equations 1 and 3, we can write the log-marginal util- 
ч given Xh as ү + À,Z, + £y — In(xy, — В). Accordingly, 

— InC-f,) represents the average initial (when the quantity 
Е, is still zero) log-marginal utility for consumption 


FIGURE 2 
Percentage of Households Reporting Expenditures In Each Consumption Category 
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category i. The factor scores (2) for a household, weighted 
by the factor loadings (+) for a consumption category, show 
whether the household's log-marginal utility is higber or 
lower than average for that category at a given consumption 
level. Therefore, consumption categories that have large 
loadings of the same sign for the same factor have posi- 
tively correlated log-marginal utilities across households. 
For example, because jewelry and watches as well as educa- 
tion have large loadings of the same sign for Factor 1, 
households with a higher-than-average score on this factor 
will have higher-than-average log-marginal utilities for both 
consumption categories. By the same token, through the 
sign and magnitude of these loadings, it is possible to 1den- 
tify sets of consumption categories tbat tend to have higher 


(or lower) marginal utilities for the same households. For 
easier interpretation, Table 2 shows in bold the largest load- 
ings (in absolute value) for each consumption category. 
From these loadings, households with a higher-than- 
average score on Factor 1 would be expected to have higher 
log-marginal utilities for categories, such as jewelry and 
watches, education, alcohol, and recreation, suggesting that 
this factor is associated with nonessential consumption. 
Factor 2 is associated with smoking and drinking and could 
be labeled a “sin” factor. Factor 3 is associated with large 
family-oriented consumption needs, such as insurance, 
household operations, electricity, and utilities. Factor 4 is 
associated with health care. Factor 5 has the highest load- 
ings for public transportation (which includes trains and 


Where Did All That Money Go? / 117 


FIGURE 3 
Share of Nonzero Expenditures Allocated to Each Consumption Category 
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taxis), airfare, and lodging away from home and therefore 
could be labeled a "travel" factor. Finally, Factor 6 has rela- 
tively weaker loadings than the other factors, but it has 
higher loadings for categories related to the operation of 
motor vehicles. 

Most important, these factors account for both hetero- 
geneity in the log-marginal utilities across households and 
the correlation among these log-marginal utilities across 
consumption categories. We further investigated how con- 
sumption preferences differ across households by perform- 
ing an analysis of variance (ANOVA) on the factor scores 
using three variables that describe the households: (1) life 
stage, as we defined it previously; (2) income quintile, rela- 
tive to other households reporting expenditures in the same 
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year; and (3) year of data collection, which is classified into 
five categories (early or late 1980s, early or late 1990s, and 
early 2000s). This ANOVA, which we performed across all 
66,683 households for Factor 1 (nonessential consumption), 
showed that only the life stage x income quintiles and life 
stages x year interactions (along with the main effects) were 
statistically significant at the .01 level. Therefore, we report 
averages only for these two interactions in Figure 5, Panel 
А. Moreover, to simplify the exposition, we focus only on 
the six life stages with the largest number of households, 
which account for more than 7096 of our sample. Figure 5, 
Panel A, shows that average log-marginal utilities for 
"nonessential" consumption have increased over time and, 
as expected, are higher for the high-income quintiles. How- 
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FIGURE 4 
Actual and Estimated Engel Curves for Some of 
the Consumption Categories 
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Notes: Engel curves Implied by the proposed model are repre- 
sented by solid lines; Engel curves based on observed data 
are represented by dots. 





ever, these patterns of change are distinct for each life stage. 
As would be expected, the nonessential factor scores are 
higher in the richest quintiles. They also tend to be lower in 
the later life stages (S5) than in the earlier stages (Co/So, 
C1, and S1). To our surprise, these scores declined at differ- 
ent rates for different life stages in the 22 years covered by 
our data, suggesting that the marginal utility for nonessen- 
tial consumption (compared with food at home) decreased 
over time. 

Similar results for the health-related Factor 4 (see Fig- 
ure 5, Panel B) suggest that average log-marginal utilities 
for the older life stages (Сб and $5) do not vary substan- 
tially with income, but they increase with income for the 
younger life stages (C1 and S1). Figure 5, Panel B, also 
shows a trend upward in the average log-marginal utilities 
for health care. 


Consumption Priorities, Household Life Stage, 
and income 


In addition to investigating each factor separately, we can 
capture the variation of preferences for a particular con- 
sumption category across households by the “preference 
shares,” 


la2 
> E ећ £A 587 


Qi SS SS ee? 
I ] 1 
1 еб У etj? 52 + 567 
jal jel 7 


which represent the expected expenditure shares for house- 
hold h when there is no budget constraint. We report the 
average estimated preference shares in Table 3. For clarity, 
we report these averages only for the six most populated life 
stages and for the richest/poorest income quintiles. These 
results show that though there are substantial differences in 
preferences between the two extreme income quintiles, the 
differences across the six main life stages are relatively 
minor, particularly for the richest quintile. In general, the 
poorest 20% of our sample have higher preference shares 
than the richest 20% for food at home; tobacco and smok- 
ing products; health insurance; telephone services; electric- 
ity; water and sewer and trash collection services; and gas, 
heating oil, and coal, suggesting that these are the more 
essential consumption categories. For categories such as 
motor fuel, being considered essential depends on the life 
stage; the poorest 20% have higher preference shares than 
the richest 20% among some life stages (Co/So, C1, S1, and 
C6) but lower shares in other stages (S2 and. S5), again 
demonstrating the importance of accounting for unobserved 
heterogeneity in tastes in modeling consumption budget 
allocation. 


Policy Simulations 


A major advantage of demand systems, such as the one we 
propose here, is that they are consistent with. budget- 
constrained utility-maximizing behavior, leading to pre- 
dicted expenditures that are always logically consistent (1.e., 
nonnegative and sum up to the budget). Such a multicate- 
gory structural approach makes our proposed budget alloca- 
tion model valuable in anticipating consumers' reactions to 
environmental shocks, such as price hikes or shifts in dis- 
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FIGURE 5 
Average Scores by Income Quintile and Year 
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cretionary income, under the premise that the consumers’ 
underlying preference structures are more stable and will 
remain unchanged, at least in the short run. Our factor- 
analytic approach has the added advantages of allowing for 
diversity in consumption priorities or tastes across house- 
holds and capturing the correlation among these priorities, 
leading to a more flexible demand system. In contrast, any 
model that treats each category independently (rather than 
jointly) would be inapplicable because, by definition, 
category-specific models are not bound by the budget con- 
straint, and as a result, the predicted expenditures would not 
sum up to the household consumption budget, which is a 
prerequisite for any meaningful policy simulations. 
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To illustrate, we conducted three policy simulations of 
current relevancy. First, we consider the not-so-hypothetical 
scenario in which prices for nonrenewable energy sources 
(i.e., motor fuel and gas, heating oil, and coal) increase by 
5096. This policy simulation exemplifies how the model can 
be used to project shifts in consumer spending in response 
to projected price increases in some consumption cate- 
gories. In the second policy simulation, we consider a sce- 
nario in which the federal government gives each household 
a $500 tax rebate specifically earmarked for stimulating 
current consumption. This second scenario illustrates how a 
policy maker can anticipate the effects on consumer spend- 
ing of policies that increase or decrease discretionary 
income, such as programs to provide federal health insur- 
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ance and funding or rebates for child care, to certain seg- 
ments of the population. 

The third simulation is an attempt to quantify consumer 
welfare losses due to the dramatic increases in prices for 
prescription drugs in the past 22 years, which grew by 
262% from 1982 to 2003 (an annual rate of 6.3%), com- 
pared with an inflation rate of 91% (or 3.1% per year) dur- 
ing the same period. Here, we consider a hypothetical sce- 
nario in which the costs of prescription drugs followed the 
general inflation rate observed in the past 22 years. In this 
counterfactual simulation, we consider the income effects 
of the dramatic price increases, attempting to estimate how 
households shifted their discretionary income away from 
other consumption categories to pay for the increasing costs 
of prescription drugs. In this scenario, we consider all 
households that spent discretionary income on prescription 
drugs in the past 22 years and compare their actual expendi- 
tures with those predicted by our budget allocation model, 
assuming that the extra discretionary income resulting from 
the lower prescription drug prices would be allocated to the 
other categories according to the estimated utilities for each 
household and consumption category. This comparison 
shows how these households reduced their expenditures in 
all the other categories to compensate for the dramatic 
increases in prescription drug prices in the past 22 years, 
thus providing some insights into welfare losses potentially 
caused by these price increases. 

For each household in our sample, we simulate their 
budget reallocation decisions by solving the constrained 
utility maximization problem, using the estimated parame- 
ters (бл, and B, for household h and category i) and 
observed versus simulated prices (p; versus p, + Ap,) and 
budget (m, versus ту + Amy). The solution can be derived 
through a five-step procedure, which we detail in the 
Appendix. 


Policy Simulation 1: reactions to shifts in energy costs. 
Table 4 reports the simulated effects of a dramatic increase 
in oil prices, showing the percentage changes in quantity 
consumed in response to a 5096 increase in prices for motor 
fuel and gas, heating oil, and coal. As would be expected, 
the price increases affect the poorest quintile more dramati- 
cally than the richest quintile. The difference between the 
two income quintiles is the largest in the demand for motor 
fuel among households in the S5 stage, in which the poorest 
(richest) quintile reduces the quantity consumed by 4396 
(20%). In other words, the demand among the poorest 
households in the S5 stage is elastic, whereas those in the 
richest quintile have an inelastic demand. Table 4 also 
shows how households in different life stages would adjust 
their expenditures in other categories to compensate for the 
shift of discretionary income toward motor and home fuels. 
As would be expected, the more essential categories, such 
as food at home, telephone services, electricity, and water 
and sewer and trash collection, are the least affected, along 
with “addictions,” such as tobacco and alcoholic beverages 
at home. The consumption categories most affected are the 
less essential ones, such as education (which includes books 
and other educational expenses), miscellaneous personal 
services, and charity. The category showing substantial 
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differences in response across life stages is jewelry and 
watches, for which the highest percentage drop in demand 
occurs in the richest quintile of S5 (3195), compared with a 
drop of only 3%—13% in the lowest quintiles, probably 
because they already spend the least in this category. A sur- 
prising and worrisome effect is the substantial drop in pre- 
scription drugs and other health care expenses, particularly 
among the older (C6 and S5) and poorer households. 

The price effects we report in Table 4 show negative 
cross-elasticities, so that increases in fuel prices produce 
decreases in demand for all other categories, which happens 
because income effects dominate substitution effects, as 
discussed previously. In other words, because demand for 
motor and home fuel is inelastic, increases in fuel prices 
leave less discretionary income to be spent elsewhere, lead- 
ing to a decrease in expenditures in all other categories. 
After we partial out these income effects (Equation 8), the 
substitution effects (Equation 9) are all indeed positive, 
which implies that there is no complementarity between 
categories. It might be argued that price increases in motor 
fuel would lead consumers to reduce their car use, which 
would lead to spending less on motor vehicle maintenance 
and repair and, thus, complementarity between these two 
categories (though it could also be argued that the impact 
on motor vehicle maintenance and repair might take longer 
to observe). However, after we account for income effects, 
these two categories become substitutes because the utility 
function is assumed to be additive separable, and account- 
ing for complementarity with the CEX data is infeasible 
(because it is not a truly longitudinal panel). 


Policy Simulation 2: reaction to a tax rebate. Table 5 
reports the simulated effects of a hypothetical $500 tax 
rebate for each household, distributed by the federal gov- 
ernment to boost demand and thus earmarked for consump- 
tion. Simulations such as this could help policy makers 
anticipate and quantify the differential impacts of such a 
shift in discretionary income on different population sectors 
across different consumption categories.3 Across the six 
main life stages, food at home receives the highest share of 
the extra $500 in discretionary income, more so among the 
poorest quintile. In general, for essential categories, such as 
health insurance; telephone services; electricity; and gas, 
heating oil, and coal, there is a larger increase in spending 
among poorer households. After food retailing, recreation 
would be one of the industries that would benefit the most 
from the $500 tax rebate, particularly among the wealthier 
households. Similarly, we observe a larger increase in 
spending among richer households for other nonessential 
categories, such as airline fare, education, charity, and 
household furnishings. 





3Our analysis of preferences (Table 3) across life stages and 
income quintiles showed that preferences vary with income (cross- 
sectionally). In this policy simulation, we assumed that a relatively 
small increment of $500 in discretionary income would not cause 
substantial shifts in preferences. 
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Policy Simulation 3: welfare losses due to spiraling 
costs of prescription drugs. Table 6 reports the simulated 
percentage changes in household expenditure if the prices 
of prescription drugs had increased at the same rate as the 
CPI. If that had been the case, consumers could have 
reduced their prescription drug expenditure by an average 
of 37%, while maintaining the same Jevel of treatment. The 
savings could then have been spent in other categories. 
Older, retired, and poor households (bottom income quin- 
tiles of the C6 and S5 life stages) would have benefited 
more, percentage-wise, than younger, working, and wealth- 
ier households. For example, the oldest and poorest house- 
holds could have increased their spending on additional life 
insurance (3.5%), water and sewer and trash collection ser- 
vices (3.2%), motor vehicle insurance (3.1%), tobacco and 
smoking products (3%), and motor fuel (2.6%). 


Conclusions and Directions for 
Further Research 


The main purpose of this study was to develop a feasible 
demand system that would enable us to investigate budget 
allocation decisions by individual households across a com- 
prehensive set of consumption categories. This development 
was motivated by the belief that marketers, research ana- 
lysts, and policy makers need a better understanding of how 
consumers allocate their discretionary income to meet dif- 
ferent consumption needs, and they must be able to antici- 
pate how the resultant consumption patterns will change in 
response to changes in prices and budgets. 

When studying consumption at this basic level, it is 
important to emulate the consumer’s resource allocation 
problem. Our basic premise is that every household allo- 
cates its discretionary income among competing needs and 
wants so that when the consumption budget is exhausted, 
all expenditure categories offer the same marginal utility 
per dollar. Because we attempt to develop a reasonable as-if 
model to approximate the household’s basic resource allo- 
cation problem, when we obtain estimates of each house- 
hold’s direct utility function, we can simulate the house- 
hold’s reaction to changes in prices or income and 
understand how these changes will affect different con- 
sumption categories representing different industries across 
different consumer segments. 

By definition, a model is a simplified representation of 
observed phenomena, and therefore we made some simpli- 
fying assumptions in developing our proposed factor- 
analytic random coefficients budget allocation model. An 
important assumption to make the model parsimonious and 
feasible is that of a direct utility function that is additive 
separable across consumption categories. In other words, 
we assume that for an individual household, expenditure in 
one category does not increase or decrease the marginal 
utility derived from consuming another category. This does 
not imply that consumption is independent across cate- 
gories, because all categories compete for the same budget. 
It also does not imply that preferences are independent 
across categories and households, because our factor struc- 
ture accounts for possible correlations of preferences 
among the categories across households. However, the addi- 


tive separable utility assumption implies that the resultant 
demand system will not be able to capture potential com- 
plementarities among consumption categories, which could 
not be discerned from correlations in preferences because 
of the one-shot nature of the CEX (Gentzkow 2007). We 
believe that this is a critical limitation only in detailed 
analyses that consider a limited number of potentially com- 
plementary product categories, such as the type of cross- 
category choice modeling commonly performed for con- 
sumer packaged goods in the marketing literature using 
longitudinal scanner panels, but this is not as critical in 
expenditure analyses performed across a comprehensive set 
of broad consumption categories. We leave for further 
research the methodological challenge of extending our 
model beyond additive separable utilities, while addressing 
the issues of high dimensionality (more than a couple dozen 
categories), binding nonnegative constraints (households 
have no spending in many categories), unobservable hetero- 
geneity (unique household preferences that cannot be cap- 
tured by demographics), and correlation in individual 
households’ category preferences. 

Substantively, there are several directions for extending 
our work. First, the proposed framework for modeling 
household consumption budget allocation could be adapted 
for forecasting industry sales and assessing market poten- 
tial. As a model of primary demand, our structural approach 
has the advantage of simultaneously considering bousehold 
spending across a full spectrum of expenditure categories. 
Because all types of consumer expenditures ultimately vie 
for the same household budget, primary demand in one 
industry can be better predicted in relation to consumer 
expenditures in other industries. For example, fast-food 
restaurant chains may be able to forecast sales trends better 
if they can understand how consumers' spending on food 
away from home is influenced by their spending on food 
at home, apparel, motor fuel, and so on. Moreover, our 
approach explicitly links household discretionary income, 
category price indexes, and demographics (through the 
household-specific taste parameters) to household category 
expenditures. This enables analysts in forecasting industry 
sales or assessing market potential to factor in projections 
about household income, inflation rates, and demographic 
trends through an integrated framework. 

Second, although developed under a different context, 
we believe that there is a potential to adapt our consumption 
budget allocation model for shopping-basket data analysis. 
As such, researchers can study many more categories 
jointly without needing to focus on a few categories 
selected a priori or lump a large number of distinct items 
into an "other" category. 

Finally, in a more realistic setting, consumers make not 
only cross-category allocations but also intertemporal allo- 
cations (e.g., consume more today versus save more for 
tomorrow). In our work, we ignored the intertemporal 
aspect by treating the consumption budget as exogenously 
determined. Further research could relax this assumption 
and model both cross-category and intertemporal alloca- 
tions explicitly. However, this would require a true panel 
with longitudinal information about individual households’ 
expenditure patterns. 
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Appendix 


Estimating the Proposed Budget Allocation 

Model 

The problem faced by household h is to choose a consump- 
tion plan, xy(Xi ---» Xy 2 0), that maximizes the utility 
function, G(x,) = 7] _ Œn In(xig — 81), where On > 0, 
(хь — В) > 0, and J is the number of all available expendi- 
ture categories. Given the prices (рі, ..., py) of unit con- 
sumption in each category, the household’s allocation plan 
must satisfy the budget constraint, X прах = 5-1 
mg, < Mp, where m, represents bousehold h's expenditures 
(in dollars) in category i. The household's optimization 
problem implies the following Kuhn- Tucker conditions: 





900) аһ 
= и fo =O; 
а. Oxy, — Gu - B2 lc QE 
and 
2G(x,) o Oh _ 
(A2) n - бєз -8) = Ep,, forx,, > 0, 


where & > 0 is the Lagrange multiplier. Given our parame- 
terization of оцу = exp(y, + Zp + £y) in Equation 3, Equa- 
tions Al and A2 lead to, respectively, 


(АЗ) + А + £g - ПС - B) – Ш) 5 (©), for x, = 0, 
and 
(A4) у, + Za En — Ски – В) — In(p,) = In), for xp > 0, 


where Z, is a p-dimensional vector of 1.1.4. standard normal 
factor scores for household В and £p is a random distur- 
bance normally distributed with mean zero and standard 
deviation 6;. The parameters to be estimated, given the 
observed consumptions x, (2my/p;) and prices pj, аге Yi, А, 
В, [= min(x,) – exp(n,)], and с which we collect in the set 
0. Every household in our sample has positive consumption 
for the first category, food at home (i.e., Хур > 0 for Vb), and 
for identification purposes, we set Yj, Ay, and ©, to zero, 
which means that Equations A3 and A4 can be simplified 
as, respectively, 


(A5) En S (Tin — Tih) — (Yı + 2), for хь = 0, 
and 
(A6) £y = (Tih er Tih) = (GA T №24), for Xh > 0, 


where Th = Јар z B,) + In(p,) = In(piXi = p,BJ- 

Let €% (xn) = (рх, — Р.В) — In(pixin — Ру) — бї + 
М2). Based on Equations A5 and Аб, for a given set of 
model parameters Ө and factor scores Zp, the likelihood con- 
tribution of household h, L,(Z,), or 102, хь, p) = Ш. 
ъъ» Адо ht Lb O2 др le 1.7 Ва. Xin. m Р _D» 15 


(AT) L(Zn) = 1.0/2, Хр, p) = 5, (х9, Zy» p) 


-TIT«. [et (x.)] x П EC 


1=h +1 
where хь > 0 for Vi e (2, ..., i), Xm = О for Vie (h + 1, 
„32, „О is the density function of £j, and 


= 
дє; lh 











OX». h 


де; 
OX, м 





is the determinant of the (h — 1) x (ly — 1) Jacobian of the 

transformation from X2. jn {0 £2. 1b» which is a continuous 

one-to-one mapping, because рухів = (my — x oPiXih)- 
Given that £j ~ МО, 6,), we can write Equation A7 as 


follows: 
x | | o( } 
[o] 
12] +1 1 


where Ф and Ф are, respectively, the probability and cumu- 
lative density function of the standard normal distribution 
and 


А де; 
IT 1 (Eh A 
(A8) Li(Z,)= Lf » » _ 
1 1 - th» 
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* ћ 
де; yh ^ > = (юл -рВ,) 
OX, |n h = 
h II. 19 xs p,B, ) 
(For a detailed derivation, see Kao, Lee, and Pitt 2001, pp. 
210-11.) 


Because Zp is unobservable, the likelihood contribution 
of household h, Lh, needs to be integrated over Zh ~ N(0, Ip): 


ћ 
(A9) nep MEE) x 2 " Е _ 
Е | | к=] Рх — pif, 


x Il (à) а 


rah ti 1 








We evaluate Equation A9 with simulation (Gourieroux and 
Monfort 2002) by replacing the multidimensional integra- 
tion with a summation over K Halton-sequence draws 
(Train 2003) of Z4 from the standardized normal distribu- 
tion, which leads to the following: 


1 i 1 (ел У," (рх = p.) 
(A10) L, = K Y TR) x — 
"1 Е LE (b "i р.) 


151 +1 


A gradient search on ће -log-likelihood function L = 
XN = (106), Jeads (о the parameter estimates of our 
demand model (i.e., ү, А , Ву and 6;). After the parameters 
of the demand model have been estimated, factor scores can 
be estimated for each household using the same likelihood 
function in Equation A10, except that the parameters of the 
model are known and the estimation is done on the factor 
scores Zp. Rather than using a gradient search to estimate 
the factor scores for each consumer, we use a sampling- 
importance-resampling procedure (Smith and Gelfand 
1992). 
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Procedure for Policy Simulation 


For the households in our sample, we simulate their budget 
reallocation decisions by solving the constrained utility 
maximization problem, using the estimated parameters (дар 
and В; for household h and category i) observed versus 
simulated prices (p; versus р, + Apj), and budget (m, versus 
т; + Amy). We derive the solution in five Steps. 

Step 1. Calculate all categories' marginal utilities at zero 
expenditure (i.e., mp = 0): 


30, (0) - 90; (m, = 0) 


Oma 


= елр(бу,)————-1-—-©Рбһ) _ елр(б„) 
Mh _В Р, Ing - РВ, =р,В, 
| р | | 


Step 2. Rank the categories from the lowest to the high- 
est by 90, (0), and denote the lowest with 1’ and the high- 
est with J’ (1.е., 1’, 2’, ..., К, ..., п, ..., J’). Note that the 
marginal utility for any category is always decreasing as 
category expenditure increases, and if category k' is con- 
sumed, category n' must be consumed as well, as long as 
n’ > k'. As such, we know that only J category consumption 
regimes are possible: (1’, 2’, ..., К, ...1’,..., У), 2^, ..., К, 

elis sod elk. edits oun w, ..., Y), or (J^. 

Step 3. Assume that Category 1’ has $.01 consumption. 
It is fairly straightforward to calculate the expenditures for 
other categories (i): 


my, = ехр(б.„, — бу .01— р) + pĝ» 


which means that 


J^ J^ 
в, = У ехрбвуу – 6,01 –рућу) + У pê 


MES al 


Step 4. Compare ñ, with my. If th, is smaller than щь, 
the household has a large enough budget to spend money on 
the least essential category. If Ту is greater than mg, Cate- 
gory 1’ will not receive any spending. Then, we go back to 
Step 1 and repeat Steps 2 and 3 until the first category—for 
example, k'—such that the sum of ñ; is smaller than Mp. 
We then know the categories consumed will be (k', k + 
1 py 1:3: 


Step 5. After we know the categories consumed, solving 

for category expenditures is straightforward. Because ту = 

г = eX — Gs), — рубу) + >} үрүү, we 
have the following: 


= К 
Hy = у ; + PB, 
Y ехр(буу – бу) 

Yak’ 


In short, if i’ < К’, then т, = 0; otherwise, у = exp(&j — 
yay — реду) + pif. 
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Cross-Functional Integration and 
New Product Success: An Empirical 
Investigation of the Findings 


Although cross-functional integration is often considered an important element in a successful new product 
development program, a great deal of variance exists in extant literature regarding how integration is defined and 
implemented and how relevant studies are conducted. The authors attempt to bring clarity to a diverse set of 25 
studies that investigate cross-functional integration by empirically analyzing 146 correlations between integration 
and aspects of new product success. The authors examine the impact of 12 potential moderators that affect the 
integration-success link using meta-analysis techniques. The findings indicate that though cross-functional 
integration may indeed have a direct impact on success, the combination of integration with other variables may 
be of greater importance. Furthermore, because most of the nine variables that significantly affect the 
integration-success relationship are either managerially controlled or industry specific, the findings imply that firms 
should design cross-functional structures to maximize their effectiveness. Other variables that affect the 
integration-success relationship reflect researchers' methodological decisions, suggesting that care should be 
taken when designing and interpreting the results of such studies. The authors discuss the implications of these 


findings and directions for further research. 


Keywords: cross-functional integration, new product success, new product development, meta-analysis 


ecause of the strategic importance of new product 

development to the firm, it is not surprising that out- 

comes of the new product development process are 
heavily researched across many disciplines. For example, a 
large body of literature has identified drivers of new product 
success, including industry (e.g., levels of competitive 
rivalry, environmental turbulence), product (e.g., quality, 
features, benefits), and organizational (e.g., strategy, skills, 
structure, culture) factors (see reviews in Henard and Szy- 
manski 2001; Montoya-Weiss and Calantone 1994). Of the 
organizational factors studied, cross-functional integration 
(1.е., the degree of interaction, communication, information 
sharing, or coordination across functions) has been identi- 
fied as a key driver of new product success (e.g., Griffin and 
Hauser 1992, 1996; Gupta, Raj, and Wilemon 1986; Olson, 
Walker, and Ruekert 1995). There seems to be general 
agreement that some form of cross-functional integration is 
important for successful new product development. Indeed, 
the Product Development and Management Association's 
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best-practice survey indicates that approximately 6096 of 
U.S. firms employ cross-functional integration to develop 
new products (Griffin 1997). 

However, close scrutiny of the field reveals significant 
diversity in terms of how cross-functional studies are con- 
ducted (e.g., variance in construct identification and mea- 
surement, sampling methods, research settings, analysis). 
There is also considerable variance in terms of what consti- 
tutes new product success. For example, some studies con- 
sider new product outcomes, such as competitive advan- 
tage, quality, or uniqueness, (e.g., Li and Calantone 1998; 
Song and Montoya-Weiss 2001), as dependent variables in 
cross-functional models; some examine market-based out- 
comes of integration, such as market share or profit (e.g., 
Atuahene-Gima 1996b; Gatignon and Xuereb 1997; Mill- 
son 1993); and still others investigate productivity-related 
outcomes, such as cycle time or production superiority 
(e.g., Sherman, Souder, and Jenssen 2000). Finally, there 
are many different ways cross-functional integration is 
implemented in the firm and, thus, many ways it has been 
studied. For example, integration can occur at either the 
team (project) level or the organizational (functional) level. 
Regardless of level, integration has been studied in terms of 
cross-functional communication or interaction frequency, 
amount and type of information shared, mutually agreed-on 
approaches, goal congruence, trust and relationships, physi- 
cal processes in place, levels of conflict resolution, coordi- 
nation, collaboration, and so forth. The existence of such 
diversity raises important questions about cross-functional 
integration and new product development, including the fol- 
lowing: Which forms of integration are more effective? 
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Which type of new product success (e.g. marketplace, | 


product, productivity) is most strongly influenced by cross- 
functional integration? Which firms or products (e.g., 
industries, nationalities) are more positively affected by 
cross-functional integration? and Which research design 
decisions can result in higher or lower cross-functional inte- 
gration effects? Against this backdrop, the purpose of our 
research is to bring clarity to a diverse set of studies that 
examine what is commonly considered a key driver of new 
product success. Our primary objective is to determine spe- 
cific product, firm, and environmental conditions that might 
moderate the cross-functional integration-new product suc- 
cess relationship. In other words, we investigate the condi- 
tions under which cross-functional integration may be more 
or less effective for various forms (e.g., product effective- 
ness characteristics, marketplace performance, productivity 
measures) of new product success. 

To accomplish this objective, we employ a meta- 
analysis of the existing research on cross-functional integra- 
tion and new product success. Compared with a primary 
study on the subject, this research technique enables us to 
identify a more complete set of potential moderating 
variables, which can help answer questions such as who or 
what should be integrated or how or when integration 
should occur. A meta-analysis provides a systematic proce- 
dure, can document whether the observed variance in effect 
sizes is real, and can enable estimation of the central ten- 
dency of the net relationship between the two constructs. 
We proceed with an overview of the conceptual background 
for the study, followed by discussion of the research 
methodology and identification of the potential moderating 
design elements. Then, we describe the findings, discuss 
their implications, and note directions for further research. 


Background on Cross-Functional 
Integration 
Cross-functional integration typically involves facilitating 
communication among different functions (Gatignon and 
Xuereb 1997; Moenaert et al. 1994; Song, Montoya-Weiss, 
and Schmidt 1997). Song and Montoya-Weiss (2001, p. 65) 
describe cross-functional integration in the new product 
development context as "the magnitude of interaction and 
communication, the level of information sharing, the degree 
of coordination, and the extent of joint involvement across 
functions in specific new product development tasks." 
Cross-functional integration can have significant advan- 
tages for the development of new products by increasing 
both communication frequency and the amount of informa- 
tion flow in the organization (Randolph and Posner 1992). 
For example, Pinto and Pinto (1991) find that hospitals with 
a high level of cooperation across functions are character- 
ized by a high level of informal communication and suc- 
cessful project teams. Information integration in the cross- 
functional structure helps employees achieve a common 
understanding about the product and enhances consistency 
among decisions made throughout the new product devel- 
opment process, both of which are considered critical for 
success (Sethi 2000). Finally, cross-functional integration 
pools resources and skills from different functions, provid- 


ing flexibility in workforce and capital resources and 
enhancing the utilization of organizational resources (e.g., 
Ford and Randolph 1992). 

There are many important advantages of cross- 
functional integration, but this type of organic management 
structure also has some disadvantages. Although the inte- 
gration of different functions may increase the success of 
new products through effective communication, functional 
diversity can also increase decision complexity and confu- 
sion (Sethi 2000). The informal communication patterns, 
participative decision making, and consensual conflict reso- 
lution in cross-functional integration can be more time con- 
suming and less efficient than more centralized and bureau- 
cratic processes (Olson, Walker, and Ruekert 1995). 
Employee satisfaction and success can suffer if workloads 
increase because of new interfunctional tasks along with 
existing home function duties (e.g., Karlsson and Ahistrém 
1996). Working with other employees who have different 
backgrounds and perspectives on work and goals can gener- 
ate conflict over resources, technical 1ssues, pay, and per- 
sonnel assignments (e.g., Olson, Walker, and Ruekert 
1995). The resultant increased costs to the organization 
(e.g., overhead, staff, efforts, delayed decisions) can com- 
bine to reduce the success of new products. 

Despite the potential disadvantages, cross-functional 
integration is largely considered a positive factor in effec- 
tive new product development. Indeed, firms identified as 
having "best practices" in new product development tend to 
employ cross-functional integration more extensively than 
other firms, especially for less innovative projects (Griffin 
1997). Yet our understanding of the true impact of cross- 
functional integration on new product success remains 
clouded by the diversity that exists in how cross-functional 
integration is implemented in the firm and how researchers 
study it. As we mentioned previously, the primary goal of 
our research is to investigate the key conditions under 
which cross-functional integration can be more or less 
effective for new product success. We pursue these insights 
next in the design and analysis stages of our research. 


Research Design 


To begin the meta-analysis process, we searched for rele- 
vant studies (i.e., those focusing on the link between cross- 
functional integration and new product success) in several 
electronic databases (e.g., АВИМЕОВМ, Business Source 
Premier, Digital Dissertation, Emerald Fulltext, Electronic 
Collections Online, INFORMS PubOnLine, ScienceDirect) 
using keywords such as “cross-function integration,” “func- 
tional integration,” “interdepartment cooperation,” “соПађ- 
oration,” “interfunctional teams,” “integrated teams/ 
functions,” “interfunctional climate,” “intraorganizational 
team/cooperation/collaboration,” “new products,” “new 
product performance/success,” and “innovation.” Next, we 
hand-searched appropriate marketing and management 
journals (e.g., Journal of Marketing, Journal of Marketing 
Research, Journal of the Academy of Marketing Science, 
Journal of Product Innovation Management, Journal of 
Business Research, Marketing Science, Academy of Man- 
agement Journal, Management Science) for articles perti- 
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nent to our study. We also reviewed the references of these 
studies for additional leads. Finally, to avoid bias from 
including only published studies, we posted a request for 
unpublished papers on a major electronic listserv (ELMAR) 
and wrote to key authors in this field requesting unpub- 
lished or working papers. We concluded our search in 
November 2007 when it became apparent that additional 
search efforts would not yield additional studies. We identi- 
fied 37 empirical studies (34 published articles, 2 disserta- 
tions, and 1 unpublished manuscript). 


Unit and Level of Analysis 


The next step in our research process was to identify the 
appropriate (unitless) measure of association and level of 
analysis (i.e., model or study) for our research. А review of 
the studies included in our database indicated that correla- 
tions were the most common measures reported in the lit- 
erature and therefore would allow for the greatest number 
of studies in our research. Indeed, 25 of the studies in our 
database reported correlations. This 68% inclusion rate is 
comparable to other meta-analyses in marketing, including 
those of Henard and Szymanski (2001: 68%), Szymanski, 
Troy, and Bharadwaj (1995: 70%), and Szymanski, Bharad- 
waj, and Varadarajan (1993: 63%). 

Furthermore, we determined that a model-level analysis 
(1.е., analyzing each of the 146 correlations individually) 
rather than a study-level analysis (i.e., averaging the corre- 
lations across multiple models within a study) was more 
appropriate. This decision was based in part on the Q-test 
for homogeneity of correlations within studies. The Q-test 
was rejected at p < .0102 = 1196.96, d.f. = 145), implying 
that there is significant heterogeneity within studies in the 
database (Hedges and Olkin 1985). In addition, because 
models within the studies varied in terms of design 
variables (e.g., measurement and contextual factors), a 
model-level analysis is necessary to capture the influence of 
these variables. Finally, no single study contributes an 
excessive number of correlations (maximum number of cor- 
relations in a single study accounted for less than 2196 of 
the total). Therefore, we remain consistent with previous 
meta-analyses in marketing that analyze correlations at the 
model level rather than at the study level (e.g., Geyskens, 
Steenkamp, and Kumar 1998; Henard and Szymanski 2001; 
Sultan, Farley, and Lehmann 1990). 'The 25 empirical stud- 
ies yield a database with 146 correlations between cross- 
functional integration and new product success, with the 
correlations ranging from —.330 to .740. The studies repre- 
sent data from more than 13 countries spanning four 
continents. 

The number of studies included (25) is consistent with 
several published meta-analyses in marketing, including 
those of Sultan, Farley, and Lehmann (1990: 15 studies), 
Szymanski and Busch (1987: 24 studies), and Szymanski, 
Troy, and Bharadwaj (1995: 22 studies). Furthermore, the 
25 studies represent more than 5000 individual observa- 
tions, with study sample sizes ranging from 44 to 553. The 
number of correlations in our study (n = 146) also exceeds 
those in previous meta-analyses in marketing (e.g., Rao and 
Monroe 1989: 85 effects; Szymanski, Kroff, and Troy 2007: 
93 effects; Szymanski, Troy, and Bharadwaj 1995: 64 
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effects). Finally, we are able to achieve a more in-depth 
analysis of the link between cross-functional integration 
and new product success than Henard and Szymanski's 
(2001) meta-analysis because we include more than three 
times the number of correlations examining the relationship 
between cross-functional integration and new product suc- 
cess (i.e., 146 correlations versus 41). 

To develop the database for our study, two researchers 
independently coded half the studies and cross-checked 
each other's work. A third researcher verified the final cod- 
ing worksheet. The few inconsistencies were resolved by 
discussions to ensure that conceptually similar items would 
be combined appropriately and that conceptually dissimilar 
items would not be combined. In addition to coding effect 
sizes, we also identified and coded the key variables that 
might influence the conditions under which cross- 
functional integration affects new product success. 


Identification of Moderating Design Elements 


Because meta-analysis is a tool for summarizing and esti- 
mating effects from previously conducted research, the 
identification of moderators is necessarily restricted to fac- 
tors that can be coded from the set of studies in that body 
of literature. Inclusion of potential moderators is also 
restricted to those that theory or logic indicate should have 
an impact on the relationship of interest (in this case, cross- 
functional integration and new product success) (Henard 
and Szymanski 2001). We categorized these moderators as 
management controlled (i.e., managerial decisions regard- 
ing how new product development or cross-functional inte- 
gration is implemented in the firm), researcher controlled 
(i.e., researchers! decisions regarding how constructs are 
defined and measured), and contextual (variables related to 
the environment in which the cross-functional integration 
takes place). The final set of moderators included was 
further restricted to variables for which sufficient power 
existed to detect differences in the integration-success cor- 
relations and that were compatible with the multilevel mod- 
eling technique we employed.! To this end, we identified 12 
factors as potentially affecting the relationship between 
cross-functional integration and new product success, 
including 7 management-controlled factors, 2 researcher- 
controlled factors, and 3 contextual factors. 


те originally identified and coded 16 potential moderators of 
the cross-functional integration-new product success relationship. 
However, because of specification issues, we were able to retain 
only 12 of these moderators 1n our final model. Because of its abil- 
ity to control for possible dependencies among the correlations, 
we believe that the hierarchical linear modeling method is superior 
to other multiple regression models, despite the reduction in the 
number of moderators we couid examine. Moderators were 
retained based on a multilevel modeling technique that examines 
the change in deviance between a hypothesized model and an 
intercept-only model. After specifying the best-fitting models, we 
examined the excluded moderators for their potential theoretical 
impact and selected the most theoretically robust ones. This 
approach helps avoid model misspecification and can prevent bias 
associated with selecting only significant moderators for inclusion. 


Management-Controlled Moderators 


Level of integration. In some firms, integration occurs at 
the team or project level. In this case, the separate func- 
tions continue to perform their duties, and representatives 
from each function are assigned to the integrated new prod- 
uct team. In another form, integration occurs at the organi- 
zational level, including integration of the functions them- 
selves. Although O'Reilly and Tushmann (2004) find that 
new products developed by ambidextrous organizations 
(i.e., functions integrated at the organizational level) outper- 
form those developed by teams integrated at the project 
level, we believe that, in general, organization-level integra- 
tion may be more difficult to implement successfully. For 
example, difficulties in encouraging or even enforcing 
cross-functional cooperation can arise, especially when 
there is resource competition at a higher level. Successful 
organizational integration requires senior managers who 
understand and are sensitive to the needs of this different 
type of organization. Conversely, members integrated at the 
team level can get to know one another better and work 
more closely to solve problems and communicate more 
quickly and effectively. Thus: 

Hı: The relationship between cross-functional integration and 
new product success is stronger when integration occurs at 
the team level than when it occurs at the organizational 
level (1.е., Hi: team level > organization level). 


Type of integration. Regardless of the level at which 
integration occurs in a firm (e.g., team or organizational), 
cross-functional integration is often viewed simply as com- 
munication or interaction frequency. Studies analyzing this 
type of integration do not take into account what type of 
information is shared or how it is shared (e.g., Lievens and 
Moenaert 2000). In other studies, however (e.g., Moenaert 
et al. 1994), cross-functional integration reflects an environ- 
ment of trust and cooperation among different functions in 
the product development process. This perspective involves 
how cohesively the interfunctional team works and has 
more bearing on the climate of the organization. When there 
is a more positive organizational climate, important infor- 
mation is likely to be shared more freely rather than 
hoarded, and the information is more likely to be trusted 
and used by others. Thus: 


Hy: The relationship between cross-functional integration and 
new product success is stronger when integration is imple- 
mented as a climate of cooperation than when it is imple- 
mented as information sharing alone (i e., Н+: coopera- 
tion » information sharing only). 


Type of information shared. А key premise underlying 
effective cross-functional integration is the enhanced ability 
to share key information across functional boundaries. As 
we mentioned previously, some studies focus on the amount 
of information shared or frequency of team member inter- 
action without considering how the information is shared 
(i.e., in a climate of cooperation) or what type of informa- 
tion is shared. Yet previous research has indicated that the 
type of information disseminated throughout an organiza- 
tion can have a positive impact on new product outcomes. 
For example, research on market orientation (e.g., Narver 
and Slater 1990) indicates that information on customers, 


competitors, and technologies is key to developing success- 
ful new products. Moorman and Rust (1999) find that mar- 
keting's value to the organization increases when customer 
knowledge is developed. Finally, Gatignon and Xuereb 
(1997) indicate that the possibility of new product success 
is commensurate with a firm's customer, competitor, and 
technology orientation. Therefore, in addition to expecting 
a higher level of success when cross-functional integration 
involves a climate of cooperation rather than mere informa- 
tion sharing, we expect that the actual type of information 
shared across functions makes a significant difference in the 
integration-success relationship. Although research sug- 
gests that three primary types of information (customer, 
competitor, and technology) are most effective for new 
product success (e.g., Narver and Slater 1990), the informa- 
tion most often studied with respect to integration and new 
product success (and, thus, the only type with enough data 
points to include in our analysis) is information about cus- 
tomers. Thus: 


Ну: The relationship between cross-functional integration and 
new product success is stronger when specific customer 
information is shared among team members than when it 
is not (i.e., H4: customer information shared > customer 
information not shared). 


Inclusion of the marketing function. The marketing 
department remains in closest contact with the customers of 
the firm, and this is where the demand for new products is 
recognized (Hunt and Lambe 2000). Furthermore, market- 
ing plays important roles in the market research, prototype 
development, and launch stages and therefore is a vital 
function to be integrated into a cross-functional team 
(Moorman and Rust 1999). We expect that inclusion of the 
marketing function results in a more positive outcome for 
the new product, regardless of the stage of development. 
Formally, 


На: The relationship between cross-functional integration and 
new product success is stronger when marketing is 
included in the product development process than when it 
is not (1.e., H4: marketing included > marketing not 
included). 


Inclusion of the research-and-development function. 
The involvement of research-and-development (R&D) 
functions in the new product development process is also 
crucial to new product success. Research-and-development 
departments are often incorporated into new product teams 
to come up with innovations and to contribute to the tech- 
nological success, production efficiencies, and marketplace 
success of new products. Thus: 


Hs: The relationship between cross-functional integration and 
new product success is stronger when the R&D function is 
included in the new product development process than 
when it is not (1.е., Н+: R&D included > R&D not 
included). 


Number of functions integrated. Regardless of which 
specific functions are included in the new product process, 
an overall greater number of functions can lead to more 
divergent insights, thus contributing to more new product 
ideas (Troy, Szymanski, and Varadarajan 2001). However, a 
greater number of functions can cause confusion and make 
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it increasingly difficult to achieve goal congruity (Moorman 
and Rust 1999) or a collaborative climate (Moenaert et al. 
1994). In other words, although greater insights into prod- 
ucts and markets can emerge with more functions partici- 
pating in the process, it is likely that decision making and 
implementation will become more difficult. Therefore, we 
investigate the possibility that though some diversity can 
enhance the new product process, too much diversity can 
hinder it. Our data set enables us to compare integration of 
two functions with multiple functions. Formally, 


Нс: The relationship between cross-functional integration and 
new product success is stronger when two, rather than 
more than two, functions are integrated (1.е., Het: two 
functions > multiple functions). 


Stage of new product development process. The product 
development process can be broadly categorized in terms 
of innovation initiation (e.g., planning, idea generation) 
and implementation (e.g., product development, testing, 
launch). Organizational characteristics that foster success at 
one stage of the process may differ from those that foster 
success at another stage. Although cross-functional integra- 
tion is effective for idea generation (Troy, Szymanksi, and 
Varadarajan 2001), it can actually have a negative impact at 
certain stages of the new product process (Song, Thieme, 
and Xie 1998); the divergent perspectives that contribute to 
the cross-fertilization of new product ideas hinder decisions 
when specialized knowledge may be needed. Because of 
sample size, we are unable to test the relationship between 
any two specific stages, such as idea generation, product 
planning and design, product development, and launch. 
However, if we collapse the available data, we can code 
whether integration occurring at earlier stages (e.g., plan- 
ning through development) varies significantly from that at 
later stages (e.g., launch). Because the earlier stages of 
development tend to involve more creative thinking (e.g., 
idea generation, product design), theory suggests that inte- 
gration can have a more positive impact at these stages than 
at later stages when the tasks are more function specific. 
Thus: 


Ну: The relationship between cross-functional integration and 
new product success is stronger when integration occurs at 
earlier stages than when it occurs at later stages of devel- 
opment (1.е., Ну+: earher stages > later stages). 


Researcher-Controlled Moderators 


Dimensions of success. Studies in our database used 
marketing performance (e.g., market share, financial), prod- 
uct effectiveness (e.g., product quality, advantage, unique- 
ness), and production outcome (e.g., cycle time, production 
superiority) dimensions to measure the success of new 
product development efforts. Although production superior- 
ity measures are important to the bottom line of the firm, 
they are more likely to be influenced by levels of special- 
ized expertise in production systems than by the implemen- 
tation of a functionally integrated team. Furthermore, mar- 
keting performance outcomes can be mitigated by external 
forces, such as competitive rivalry, environmental turbu- 
lence, and other marketplace factors. Conversely, cross- 
functional integration is more likely to result in new prod- 
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ucts that are more innovative or superior because members 
can draw on divergent perspectives to generate new and 
better products (Troy, Szymanski, and Varadarajan 1995). 
Thus: 


Hg: The relationship between cross-functional integration and 
new product success is stronger when success is measured 
as product effectiveness outcomes than when it is mea- 
sured as productivity or marketplace performance (i.e., 
Hg+: product effectiveness > productivity and marketplace 
performance). 


Measures of success. New product studies typically cap- 
ture success as either an objective assessment (e.g., docu- 
mented return on investment, sales, market share, profits) or 
a subjective assessment (e.g., managers' perceptions of how 
well the new product performed relative to expectations). 
The measure of success used in a study could influence the 
magnitude of the integration effect. In general, objective 
measures, such as financial data, should be relatively free of 
bias and more accurate than subjective measures (Ford, 
Smith, and Swasy 1990). Subjective measures may have 
greater error as a result of demand artifacts (e.g., intention- 
ally or unintentionally inflating performance to look good) 
or because respondents may not accurately know how well 
the new product performed (e.g., Starbuck and Mezias 
1996). However, because .objective measures are often 
global in nature (e.g., sales, market share), they also capture 
the effects of uncontrollable market factors, such as 
competitive response or economic conditions. The inclusion 
of such noise in objective measures could serve either to 
inflate or to deflate true effect sizes. Although we are not 
able to anticipate the direction of existing noise in objective 
data, we believe that inconsistencies in subjective measures 
are more generally inflated (i.e., products are described as 
more successful than they actually are). Thus: 


Но: The relationship between cross-functional integration and 
new product success is stronger when success is measured 
subjectively than when it is measured objectively (i.e., 
Hg subjective > objective measures of success). 


Contextual Moderators 


Country of operation. Although there is rapid globaliza- 
tion, some distinct cultural differences still remain between 
Western and non-Western countries. With respect to culture, 
Western countries are considered more individualist, and 
non-Western countries are typically considered collectivist 
(Nakata and Sivakumar 1996). A coilectivist culture typi- 
cally involves living and working as a group, with mutual 
responsibilities and group accountability as an active norm 
in the society. The more distinct the collectivist traits of 
team members, the higher is the chance that team members 
will embrace cross-functional integration; the more individ- 
ualist their traits, the more members may resist. Therefore, 
we expect that cross-functional integration has a greater 
impact on product success in collectivist cultures (1.е., 
observed in samples from non-Western countries). Thus: 


Ho: The relationship between cross-functional integration 
and new product success is stronger in samples from 
non-Western countries than in samples of Western coun- 
tries (i.e., Hjgt: non-Western > Western). 


Industry: high- versus low-tech. High-tech markets are 
characterized by complexity, instability, intensity, and 
uncertainty compared with low-tech markets (Glazer 1991). 
Functional integration may be more important in such 
volatile, rapidly changing situations because information 
dissemination and cooperation among functions can be 
achieved more quickly when cross-functional integration is 
employed. When markets change more slowly, the efficien- 
cies of cross-functional integration may not be as important 
and therefore may not have as dramatic an impact on suc- 
cess. Thus: 


Н, у: Тһе relationship between cross-functional integration 
and new product success 15 stronger in high-tech markets 
than in low-tech markets (i.e, Н+: high tech > low 
tech). 


Product: services versus goods. Services are typically 
distinct from goods in that they are intangible, less consis- 
tently delivered, and produced simultaneously with con- 
sumption (Zeithaml, Parasuraman, and Berry 1985). 
Because services are produced at the same time they are 
consumed, consumers may easily notice a lack of collabora- 
tion among different functional departments and may 
experience lower satisfaction levels. Conversely, consumers 
of goods are typically exposed only to the final product 
itself and are less directly affected by a lack of cooperation 
among producing functions. Therefore, we expect that 
cross-functional integration is more directly related to suc- 
cess in services than to goods. Thus: 


Hız: The relationship between cross-functional integration 
and new product success is stronger for services than for 
goods (Н12+: services > goods). 


Analysis Procedure 


This study followed the procedures that are common to 
many meta-analyses in marketing (e.g., Bijmolt, Van 
Heerde, and Pieters 2005; Henard and Szymanski 2001; 
Szymanski, Kroff, and Troy 2007) and are suggested by 
authors in quantitative meta-analysis techniques (e.g., Bij- 
molt and Pieters 2001; Hedges and Olkin 1985; Hunter and 
Schmidt 1990; Lipsey and Wilson 2001). We conduct a pre- 
liminary analysis that provides initial insights into the cen- 
tral tendency of the effects, including the size and direction 
of the relationship between cross-functional integration and 
new product success, all else being equal. We then investi- 
gate the specific conditions under which the relationship 
might vary (ie., the management-controlled, researcher- 
controlled, and contextual variables) by conducting a mod- 
erator analysis using hierarchical linear modeling (HLM) 
estimation (Bijmolt and Pieters 2001; Hox 2002; Singer and 
Willett 2003). 


Preliminary Analysis 


As Figure 1 illustrates, a frequency distribution of the 146 
correlations between cross-functional integration and new 
product success indicates that the correlations range from 
—.330 to .740. The correlation frequency is normally distrib- 
uted (Zsyewness = —171, p > .05; Zkuross = —280, p > .05; 
М = 219). 


FIGURE 1 
Frequency Distributlon of Correlatlons 
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Notes: M = .219, SE = 018, SD = .221; Zskewness = —.171, p > .05; 


Zkuross = —.280, p > .05. 


Although one correlation is reported as zero and many 
of the correlations are negative (23 of 146), most of the cor- 
relations in the database are positive (122 of 146). There- 
fore, it is not surprising that we find that the weighted esti- 
mator of the common correlation (т = .295, p < .01) is 
positive and significantly different from zero.2 Note that 
this positive, statistically significant (p < .01) reliability- 
corrected mean compares with a nonsignificant correlation 
of .23 (p > .05) in Henard and Szymanski’s (2001) meta- 
analysis of the drivers of new product success. However, 
although the preliminary analysis supports a positive rela- 
tionship between cross-functional integration and new prod- 
uct success, all else being equal, our goal is to investigate 


20 general, the weighted estimator of the common correlation 
is considered a superior approach to linear combinations of corre- 
lations (Hedges and Olkin 1985). We followed Hunter and 
Schmidt's (1990) recommendation in calculating the weighted 
estimator. This approach of correcting for error may increase the 
variance of the estimator by inflating r, especially when low relia- 
bility measures are used. However, both p, and py are fairly dis- 
tributed around a high value (means [standard deviations] of p, 
and py are .81 [.11] and .83 [.14], respectively, and are above .70, 
as recommended by Nunnally [1978]). Inflated correlation caused 
by low reliability is unlikely. Moreover, because we use the square 
root of the product of the reliability coefficients, the effects of 
inflating variance 1s minimal (Hedges and Olkin 1985). Next, we 
calculate the interval estimation of the correlation using an 
approximate procedure based on a transformation (Neter et al 
1996). We converted each r, by Fisber's z-transformation and then 
calculated the weighted average z (Hedges and Olkin 1985). 
Finally, we reconverted z into the weighted estimator of common 
correlation. 
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the specific conditions under which this positive relation- 
ship might be augmented or mitigated. Therefore, we turn 
to the examination of the conditions under which cross- 
functional integration may have a positive or negative 
impact on success (i.e., the moderator analysis) before we 
draw any conclusions. 


Moderator Analysis 


Before investigating the impact of the potential moderators 
on the integration-success relationship, we first used a 
homogeneity test (Q-statistic) to detect the systematic vari- 
ance associated with each effect size (the reliability- 
corrected correlations) due to moderators (Overton 1998). 
The homogeneity test of the correlations between cross- 
functional integration and new product success relationship 
was significant at p < .01 (2 = 1808.40, d.f. = 145), con- 
firming that the distribution of effect size is heterogeneous 
(Lipsey and Wilson 2001, p. 117). The remaining variance 
of the effect sizes (after we corrected for sampling error) 
was 86.3196, indicating that meaningful variance in effect 
sizes exists across studies (Hunter and Schmidt 1990).3 

Consistent with several meta-analyses in marketing, we 
used the reliability-corrected correlations in the moderator 
analysis (e.g., Geyskens, Steenkamp, and Kumar 1998; 
Henard and Szymanski 2001; Kirca, Jayachandran, and 
Bearden 2005; Szymanski, Kroff, and Troy 2007). Because 
of the potential for significant bias in effect size, we adjust 
the reliability-corrected correlations for measurement arti- 
facts, and thus they more accurately represent effect size 
than uncorrected correlations (Hunter and Schmidt 1990). 
We converted each reliability-corrected correlation using 
Fisher's transformation to yield “z,” which is generally con- 
sidered a superior approach to linear combinations of corre- 
lations (Hedges and Olkin 1985: Neter et al. 1996). We 
modeled the reliability-corrected correlations (z) between 
cross-functional integration and new product success as a 
linear function of the determinants (Sultan, Farley, and 
Lehmann 1990). Finally, as Bijmolt and Pieters. (2001) sug- 
gest, we performed the meta-analysis with HLM to account 
for within-study error correlation between effect sizes (see 
also Hox 2002; Singer and Willett 2003).4 We specified the 
estimated mode! as the following form: 


12 
Y, Yot У Xu FY; ey 
кал 


where Y ; are z-transformations of the reliability-corrected 
correlations (z,) in study j, yo is a constant, у are parameter 


3Hunter and Schmidt (1990) maintain that examining the true 
variance in effect size across studies is warranted if the statistical 
artifacts (e.g., sampling and measurement error) account for less 
than 7596 of total between-study variance. 

4We estimate the model using the maximum likelihood method, 
which is the most common estimation method in multilevel mod- 
eling because "it is generally robust, and produces estimates that 
are asymptotically efficient and consistent" (Hox 2002, p. 37; see 
also Singer and Willet 2003, pp. 91-92). To run the HLM model, 
we used an imputation method of replacing missing values (mod- 
erators) with series means. 
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estimates of the determinants, Xy are dummy variable 
matrices (absence or presence) of the determinants (moder- 
ators), u is the study-level residual error term, and e; is the 
measurement-level residual error term. 

Before running the HLM, we examined the correlations 
among the main effects (moderators) and found that the 
maximum value is .587 (Table 1). We further investigated 
the potential confounds between the moderators by regress- 
ing 2, on all 12 moderators. Both tolerance (minimum toler- 
ance — .609) and variance inflation factor (maximum vari- 
ance inflation factor = 1.642) confirm that multicollinearity 
did not unduly influence the findings. Therefore, we kept all 
the determinants in the model. In addition, we performed 
model diagnostics by exploring the model residuals for nor- 
mality, linearity, and homoskedasticity (Hox 2002; Singer 
and Willett 2003). The residual plot did not indicate sig- 
nificant violations of the assumptions.? The resultant model 
accounts for a reasonable proportion of the variance between 
cross-functional integration and new product success (К? = 
.468).6 The results of the hierarchical linear regression 
appear in Table 2. 


Findings 


The results of the regression analysis indicate that 9 of the 
12 hypothesized main effects (Ну, Ho, Нз, Hg, Hg, Ho, Нло, 
Ни, and Hj?) were significant. Of the 9 significant main 
effects, 7 were in the direction specified a priori (Hy, Ha, 
Не, Hg, Hio, Hij, and Нуу), and 2 were in the opposite 
direction (Но and Но). These findings suggest that there are 
indeed conditions under which cross-functional integration 
can be more strongly or weakly related to success. Of the 
seven management-controlled moderators, three influenced 
the integration-success relationship, as we hypothesized, 
and one was counter to our supposition. Three moderators 
(i.e., marketing function included versus not included, R&D 
function included versus not included, and integration in 
earlier stages versus later stages) did not have a significant 
effect on the integration—success relationship. As we 
expected, the cross-functional integration-new product suc- 
cess relationship was stronger when integration occurred at 
the team level than when it occurred at the organizational 
level (B = .157, p « .05), when customer information was 
shared (B = .212, p < .05), and when only two functions 
(versus more than two functions) were integrated (В =.138, 


5Plots of standardized residuals (at Levels 1 and 2) by studies 
show that most fall within two standard deviations of the center, 
suggesting that the residuals are normally distributed (Singer and 
Willett 2003, рр. 128-32). We also used a plot of Level 1 stan- 
dardized residuals by predicted values using a fixed part of multi- 
level regression (Hox 2002). The plot shows a large majority of 
residuals evenly divided below and above their mean with a mild 
structure. 

6We used three fit statistics to verify model fit. First, we fol- 
lowed Snijders and Bosker's (1994) recommendation for calculat- 
ing R-square for the HLM (R2 = .468). Second, we used Akaike 
information criterion (AIC) statistics to compare the final model 
(model with moderators, AIC = .40) with the base model 
(intercept-only model, AIC = 18.30). Our final model's deviance 
indicates better fit with the effects (deviance = 41.90, d.f. = 12, p< 
.01). 


000°} 


SvO'— 
000°} 


890'– 
280'– 
0001 


040' 
МЕ 
000°} 





81 


„ара — €90° 880 
„рад — ost- 181 – 
„EEC — 140' вто 
951 900 720 
8107 800— 010 
»4S€€— 611: – 160'– 
000" |. 000° 9S0'— 
000. 48S 
000'L 
9 © 14 


озелерой! иземјед виопвјешод 
| ата 


"(рејга-олу) |0' 5 d, 
"(рејтћ-ому) GO" 5 d, 


pooB eoyues ZI 

yoo} мог ЧЕН "LT 

1зем 159мМ-чом “OL 
eAnoe[qo eAnoe[ans '6 
децо eAnoej '8 

ayer Амез ‘4 
alow suomoun) OML '9 
jou азн '9 

jou Вице»џ ву ‘Ӯ 

JOU ojui јешојепо "€ 
Кио oju uope1edoo) ‘2 
fuo зоею.Аливе! `} 


Cross-Functlonal Integration and New Product Success / 139 


TABLE 2 
Coefflclents: Moderating Impact on the Relationship Between Cross-Functional Integration and New 








Product Success 
Description Hypotheses Estimates SE 
Constant/intercept —.083 .216 
Management-Controiled Moderators 
Integration at team/project versus organization levels H4 (+) 157“ .061 
Integration as cooperative cllmate versus information sharing only Hp (+) —.146* .059 
Customer information shared versus not shared На (+) .212* .102 
Marketing function included in Integration versus not included Ha (+) —.054 141 
R&D function included In integration versus not included Hs (+) .140 .133 
Two functions integrated versus more than two На (+) .138* .069 
Integration In earlier stages versus later stages Ну (+) 130 .103 
Researcher-Controlled Moderators 
Product effectiveness versus productlvity/market performance Hg (+) .185** .048 
Subjective versus objective measures of success Hg (+) —.381** .086 
Contextual Moderator 
Non-Western countnes versus Western countrles H4o (+) .214** 075 
High-tech products versus low-tech products H41 (+) 268** .068 
Services versus goods H42 (+) .183* .074 





*p < .05 (two-talled) 
**p S .01 (two-talled). 


р < .05). However, contrary to our expectation, the cross- 
functional integration-new product success relationship 
was stronger when integration involved only information 
sharing than when it involved a cooperative climate (B — 
—.146, p « .05). Of the two researcher-controlled variables, 
one affected the integration-success relationship, as we 
hypothesized, and the other was counter to our supposition. 
The integration-success link was stronger when researchers 
examined product effectiveness outcomes (e.g., innovative- 
ness or superiority of products) than either productivity out- 
comes or marketplace performance measures, such as sales, 
market share, and profitability (B = .185, p « .01). However, 
the integration—success relationship was stronger when 
objective measures of success were used than when subjec- 
tive measures were used (В = —381, p < .01). With respect 
to the contextual moderators, the relationship between inte- 
gration and success was stronger in non-Western countries 
(B = 214, р < .01) and in high-tech and service-based 
industries (high- versus low-tech: B — .268, p « .01; services 
versus goods: B = .183, p « .05). 


Discussion | 

Findings from our study provide evidence that the relation- 
ship between cross-functional integration and new product 
success is indeed complicated. The presence of significant 
moderators suggests that integration alone is not the key 
to new product success but rather that integration in com- 
bination with other management-controlled, researcher- 
controlled, and context-specific factors can enhance or miti- 
gate new product success. We discuss each of these factors 
in turn along with their implications and suggest directions 
for further research. 
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Impact of Management-Controlled Variables: How 
to Integrate Effectively 


A key finding of our research is that decisions regarding 
how to integrate various functions for new product develop- 
ment should not be taken lightly. Because integration can be 
difficult to implement, care should be taken to ensure that 
the most effective form of integration is achieved in the 
firm. Managers must make decisions regarding the level at 
which integration should occur (e.g., team versus organiza- 
tional level); how integration should occur (e.g., coopera- 
tive climate versus information sharing only); which types 
of information should be shared, how many, and which 
functions should be integrated (e.g., marketing, R&D, mul- 
tiple functions); and in which stages of the process integra- 
tion should occur. We discuss each of these in turn. 

Level of integration. The results from our study indicate 
that when integration occurs at the organizational level 
rather than at the team level, the impact of the integration 1s 
diminished. In other words, the findings imply that integrat- 
ing teams (e.g., bringing together members from different 
functions to work on a project) is more effective in terms of 
new product success than integrating higher up within the 
organization. This finding is important because few empiri- 
cal studies have directly tested whether one organizational 
structure is better than another in terms of new product 
development success. Jt 15 also counter to findings from 
O'Reilly and Tushmann’s (2004) case study, which sug- 
gests that organizational integration is superior to team- 
level integration with respect to new product success. 

A possible explanation for this finding is that though 
integration can enhance new product success by increasing 
communication in the organization, too much organiza- 


tional complexity can be dysfunctional (Randolph and Pos- 
ner 1992). Without complete support from top management 
and the ability of senior managers to move beyond power 
struggles, turf battles, and resource disputes, a greater 
degree of integration can disrupt the team's ability to 
develop new products effectively by causing greater conflict 
and confusion. Our finding is also important because orga- 
nizational structures are relatively difficult to change in tbe 
short run and may be closely tied to organizational culture. 
Firms that want to employ cross-functional new product 
development should consider integrating at the project level 
rather than expending the additional cost and energy on a 
possibly less effective integration of the whole firm, at least 
without a thorough examination and understanding of the 
challenges required to effect long-term changes in a firm's 
corporate culture. 

However, further research is needed to understand more 
fully the nuances associated with team versus full integra- 
tion. Because of model constraints, we were unable to test 
for possible interaction effects among firm-level integration 
and other managerial decision variables, such as stages of 
the process, functions integrated, or environmental condi- 
tions (e.g., industry, products, countries served). For exam- 
ple, it is possible that volatile industries benefit more from 
the flexibility of team-level integration, whereas more 
mature or stable industries more successfully implement 
organizationwide integration. It is also possible that organi- 
zational integration is more successful when fewer rather 
than more functions are integrated. Further research into 
this area could provide a greater understanding of whether 
there are certain conditions under which organizational 
integration affects the integration-success link more 
positively. 


Type of integration. In addition to the level of integra- 
tion (e.g., team versus organizational) our review of 
research in the field suggested that variance exists in the 
type of integration employed in the firm. Our model investi- 
gated whether integration involving a cooperative climate 
versus integration reflecting only information sharing has a 
greater impact on the cross-functional-new product success 
link. Because we hypothesized that key information is more 
likely to be shared, trusted, and used in a positive organiza- 
tional climate, we were surprised that the results were 
counter to our supposition. Instead, the findings indicate 
that when integration involves only information sharing, the 
cross-functional-new product success link is stronger than 
when integration involves a climate of cooperation. 

A potential explanation for this finding reflects the 
importance of information to the new product process. 
Cooperation alone may not be enough to ensure that the 
most appropriate information regarding new product devel- 
opment is disseminated. Rather, teams operating in a more 
cooperative environment may socialize more during work 
time or may share information that is less relevant to the 
new product process. Teams operating in more formal (less 
social) environments may share information that is more 
relevant to developing successful new products. The 1nfor- 
mation shared in a more formal environment may also be 
subject to greater questioning and analysis, whereas infor- 


mation shared in a more cohesive environment may be 
accepted without verification. Finally, social identity theory 
suggests that when cross-functional teams operate more 
cohesively, team members are more likely to reject outside 
information (Van Knippenberg, De Dreu, and Homan 
2004); thus, important information coming from outside the 
team may be ignored. 

The implication of this finding is that managers operat- 
ing in organizations that use cross-functional integration 
should take care to ensure that appropriate market informa- 
tion is being shared by team members. Note that we do not 
suggest that managers should discourage team member 
cooperation and collaboration. Indeed, the findings do not 
indicate that team member cooperation is detrimental to 
new product success, only that information sharing 
enhances the effectiveness of cross-functional teams to a 
greater extent. It is likely that cross-functional teams that 
operate in an environment that is cohesive and involves a 
great deal of relevant information sharing contribute even 
more to new product success than either cooperation ог 
information sharing alone. Further research could explore 
this possibility in more detail. | 

Type of information shared. Our findings indicate that 
both level and type of integration can affect the success of 
cross-functional teams in new product development activi- 
ties. Another finding regarding how to integrate effectively 
involves the kind of information that is shared by team 
members. Although researchers in marketing agree that 
information about customers, competitors, and technologies 
is key to new product success, we were only able to extract 
enough information from our database to test the impor- 
tance of customer information to the cross-functional 
integration-new product success linkage. Consistent with 
our hypothesis, we found that teams that share specific cus- 
tomer information resulted in a stronger integration-success 
linkage than teams that did not. Although this result is not 
surprising, it underscores the importance of ensuring that 
relevant information is being shared among cross-functional 
team members, especially in light of the previously dis- 
cussed finding that information sharing itself enhances the 
integration-success link more than a cooperative climate. 
Because we were unable to test the effects of other types of 
information, further research could investigate which of the 
three primary types (customer, competitor, or technology) 
enhances the integration-success linkage the most and 
under which conditions. Regardless, managers are encour- 
aged to provide cross-functional team members with train- 
ing and incentives focused on the importance of sharing key 
market information (especially information about cus- 
tomers) during product development activities. 


How many and which functions to integrate. Another 
managerial decision regarding how to integrate involves 
which specific functions and how many different functions 
should be included. Our meta-analysis indicates that the 
impact of integration on new product success is stronger 
when fewer functions are included in the cross-functional 
team than when more functions are included. However, 
we found that the integration-success linkage is not signifi- 
cantly affected when either R&D or marketing is specifi- 
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cally included. The nonsignificant results of including R&D 
and marketing were surprising at first. However, further 
reflection suggests that R&D and marketing could consti- 
tute a necessary condition rather than a key for a successful 
team. Because R&D and marketing are typically the pri- 
mary functions involved in the new product process, little 
variance may exist in terms of their impact on success. 
Instead of examining these primary functions, further 
research could cousider the impact of including fewer com- 
mon functions (e.g., finance, manufacturing, industrial 
designers) and external constituents (e.g., consultants, sup- 
pliers, industry analysts) in the cross-functional team to 
determine whether more diverse viewpoints make a signifi- 
cant contribution to the team success. 

In addition, it is possible that the inclusion of marketing 
or R&D is more critical to the success of new product teams 
during specific stages of the new product process or in dif- 
ferent industries. Sample size precluded us from testing any 
interaction terms between the functions included and other 
variables. Further research could investigate this possibility 
in greater detail to determine when in the new product 
development process and under what conditions the integra- 
tion of marketing, R&D, and other potential functions has 
the greatest impact. 

The finding regarding number of functions to integrate 
was consistent with the rationale that though more functions 
can contribute to greater creativity and ideas for new prod- 
ucts, increased confusion and conflict can also result as 
more divergent viewpoints come together. The implication 
is that managers should consider forming teams with a 
smaller number of key functions rather than larger, more 
diverse teams. However, diversity can also have a differ- 
entia] effect on cross-functional team success. More fluid 
environments in which different functions move in and out 
of the team during different stages of the product develop- 
ment process may prove even more effective than limiting 
team members to a few functions. In addition to investigat- 
ing the impact of specific functions, such as manufacturing 
or finance, further research could investigate which stages 
of the new product process might benefit from greater 
versus less team member diversity as well as the different 
contexts in which greater or less diversity might increase 
new product success. 

Which stages to integrate. Finally, we expected that the 
effect of integration would vary across the different stages 
of the new product development process. Because of sam- 
ple size restrictions, we were only able to test the impact of 
earlier (e.g., planning and development) versus later (e.g., 
launch) stages of the process. Although our hypothesis was 
not supported, we believe that a more in-depth examination 
of the process (i.e., a stage-by-stage analysis) could provide 
significant insights into how integration can most positively 
affect new product success. As we mentioned previously, 
the identification of particular stages that are more (or less) 
conducive to cross-functional integration and a more 
detailed examination of which functions should be inte- 
prated, when, and at what level (e.g., team versus organiza- 
tional) could provide the basis for a more fluid type of 
organizational structure in which structures change and 
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cross-functional team members enter and exit the new prod- 
uct process at varying stages. 


Impact of Researcher-Controlled Variables: The 
Importance of Research Design Decisions 


Of the two research design moderators included in our 
model, both significantly influenced the cross-functional 
integration-new product success relationship. These find- 
ings support the theory that'estimates of relationship 
strength can depend on researchers’ decisions (Mir and 
Watson 2000) and suggest that the true impact of cross- 
functional integration on new product success can be 
masked depending on how it is studied. Specifically, the 
integration-success correlations in our data set are larger on 
average for objective versus subjective measures of success. 
This finding is notable in that subjective measures are often 
perceived as being positively inflated compared with objec- 
tive measures. Because objective scales are presumed to be 
more free of bias, researchers are usually urged to use them 
whenever possible (e.g., Ford, Smith, and Swasy 1990). 
However, our results indicate that either subjective mea- 
sures of success may be more conservative than originally 
thought or objective measures are more significantly conta- 
minated by the inclusion of noise in the form of market 
externalities. Regardless, our findings indicate that caution 
should be taken when interpreting cross-functional effec- 
tiveness with objective versus subjective measures and that 
additional research should be conducted to understand more 
fully the use and appropriateness of these measures for 
success. 

In addition, our findings indicate that examining new 
product outcomes in terms of product effectiveness (e.g., 
innovativeness, superiority characteristics) rather than in 
terms of productivity or market performance measures 
results in stronger integration-success correlations. 
Although this also suggests that researchers can influence 
new product outcomes by selecting specific dependent 
variables, it has additional implications for managers in 
terms of managing their cross-functional teams. For exam- 
ple, if a firm's new product goals are tied to marketplace 
performance, the effectiveness of cross-functional integra- 
tion may appear diminished compared with when goals are 
measured in terms of product characteristics. To develop, 
manage, and reward successful new product teams, man- 
agers must carefully consider benchmarks that directly 
reflect new product efforts (e.g., product effectiveness out- 
comes) or account for the additional factors, such as 
competitive rivalry, technological changes, and customer 
responses to marketing efforts, that might enhance or miti- 
gate a product's performance in the marketplace. Further- 
more, our findings suggest that further research on new 
product development should consider (1) a two-stage model 
in which product characteristics are investigated as out- 
comes of the new product process (and as antecedents to 
marketplace performance; e.g., Gatignon and Xuereb 1997) 
and (2) more complex contingency relationships between 
various external and internal factors with respect to both 
cross-functional integration and new product success. 


Impact of Contextual Variables: Environments 
with a Stronger Impact 


In addition to factors that managers or researchers can con- 
trol, three contextual variables that have the ability to influ- 
ence the cross-functional integration-success relationship 
emerged from our model. These findings have important 
managerial implications specific to the industry, product, 
and country environments in which a firm operates. We dis- 
cuss each of these in turn. 

Which industry accrues greater integration benefits? In 
our meta-analysis, we found that firms in high-tech indus- 
tries may benefit more from cross-functional integration 
than firms in low-tech industries, likely because high-tech 
industries are characterized by greater complexities and tur- 
bulence. More specifically, high-technology firms face 
higher rates of product obsolescence and more intense com- 
petition and they invest more in R&D than low-tech firms. 
Cross-functional integration can enable these firms to 
achieve more rapid and efficient new product introductions 
because they can be more responsive to rapidly changing 
trends in technology and markets and can extract more from 
existing research. The managerial implication is that high- 
tech firms should strongly consider cross-functional inte- 
gration a key to new product success. To maximize market 
responsiveness in such industries, managers evaluating 
organizational structures in high-tech firms should consider 
how information dissemination can be achieved most 
quickly and how key information can be identified and 
shared. 


Which product accrues greater integration benefits? We 
also found that service products appeared to benefit more 
strongly from cross-functional integration than goods, per- 
haps because of their unique characteristics. The insepara- 
bility of services from their manufacturer implies that 
greater opportunities exist for customizing services to cus- 
tomers' specific needs. Customization requires expertise on 
the part of contact personnel, and cross-functional teams 
have a greater chance of understanding customers' needs, 
even when customers cannot effectively articulate them. 
Furthermore, although service variability offers opportuni- 
ties for teams to design customized services, it also leads to 
greater uncertainty and increased perceptions of risk by 
consumers, which may be more effectively addressed by 
teamwork and cooperation among organizational functions. 
Finally, because services cannot be stored, teamwork 
among functions can enhance success of service products 
because supply and demand can be more readily matched 
when team members communicate (Atuahene-Gima 
19962). An important implication of our findings is that 
managers should recognize the potential for consumers to 
experience higher satisfaction levels for service products 
when cross-functional teams are implemented in the firm. 
Firms in service industries can capitalize on the enhanced 
ability of cross-functional teams to effect success by 
encouraging team members to better understand and com- 
municate customer needs and to recognize and address 
potential areas of customer confusion. 

Despite the findings regarding high-tech and service- 
based products, we do not recommend that firms in low- 


tech or goods industries avoid cross-functional integration 
when organizing for new product development. Indeed, the 
findings do not indicate that cross-functional integration is 
ineffective for low-tech products and goods but that the 
positive effects of integration on performance are even 
stronger for high-tech and service products. Because our 
preliminary findings indicate that, all else being equal, inte- 
gration has a positive impact on success, managers in low- 
tech and goods-based industries should still consider cross- 
functional teamwork an important tool for success and 
should seek organizational structures and processes that can 
maximize the benefits. Further research can provide 
insights into the conditions that might lead to greater 
integration-success effects in specific industries. For exam- 
ple, would goods or low-tech products have greater 
integration-success effects when firms integrate at the team 
versus organization level? Would the effects be greater 
when specific functions are included/excluded in the new 
product team or when integration occurs at certain stages of 
the new product process? Do measurement artifacts, such as 
type of success investigated or subjective versus objective 
measures, affect the integration—success link more for these 
types of products? Additional insights such as these can 
contribute to the knowledge base and provide better guide- 
lines for managers operating in these industries. 


Which country environments accrue greater integration 
benefits? In our study, firms operating in non-Western 
countries report a stronger correlation between integration 
and success than those in Western countries. This is consis- 
tent with research in international business that suggests 
that differences exist in the collective cultures and norms of 
societies in key countries, which in turn affect the culture 
and climate of the organization. Hofstede (1980) identifies 
several dimensions along which employees’ work-related 
values may differ according to their national backgrounds. 
Further research could apply these specific dimensions to 
enhance the understanding of culture and climate and their 
impact on the effectiveness of cross-functional integration 
(Kirca, Jayachandran, and Bearden 2005). For example, 
employees with greater dependence on other members of 
the organization (ie., greater collectivism) or employees 
with a greater tendency to avoid competition among organi- 
zation members (1.е., greater uncertainty avoidance) may be 
more likely to respond to cross-functional integration than 
employees who are more individualist or thrive on intrafirm 
competition. Meanwhile, managers implementing cross- 
functional integration in international settings should con- 
sider these issues when designing cross-functional teams, 
possibly providing additional training and supervision for 
functionally integrated teams with the added complexity of 
different nationalities. Managers operating in Western coun- 
tries should recognize that effective integration may be 
more difficult to achieve than integration in non-Western 
countries and thus should take steps to ensure that the inte- 
gration can be as successful as possible. 


Conclusion 


Our study began with the intention to bring clarity to a 
diverse set of studies on a key topic of interest in the area of 
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new product development— namely, the impact of cross- 
functional integration on aspects of new product success. 
Our objective was to attempt to untangle the complex inter- 
relationships that potentially affect this correlation. The 
findings indicate that though integration seems to affect 
new product success directly, the combination of integration 
with other key factors may be more important to consider. 
Note that most of the variables that significantly affect the 
integration-success relationship in our study are either 
managerially controlled or context specific. This suggests 


that managers can capitalize on their own knowledge of 
their products, firms, and external environments to structure 
a new product development team that can maximize suc- 
cess. Future studies in this area can be productive as 
researchers explore the nuances of successful cross- 
functional integration in different firms, with different new 
product processes, and in different environments, especially 
in the context of the many possible contingency effects such 
as those discussed herein. 


— ________—__—__—__—___—__ 
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November 1, 2008 


501 Uris Hall 
Columbia Business School 
New York, NY 10027 


Colleagues: 


For much of my career and l'm sure for yours also, we have been involved in an unholy alliance with the major 
publishers of marketing textbooks Here's the way it works. In effect, marketing instructors say to the publishers: 

"|f you provide us with lots of teaching materials like instructors’ manuals, testbanks. PowerPoint slides, and 
expensive videos, all of which make life easy for us, we'll cooperate with you by adopting the textbooks you publish. 
We'll turn a blind eye to the fact that your prices are gouging our students and their families. We'll not allow the 
fact that marketing textbooks are routinely priced at over $150 bother us " 


Well, | hope that marketing textbook prices at around $150 do bother you, they really bother me. | do not suggest 
there are any particular content problems with the textbooks per se Of course, some are better than others, and 
each of us has our preferences Indeed, the major publishers compete for authors — my friends and colleagues — 
and work hard to deliver high quality products But there's one area of competition that seems to be absent from 
their market strategies — price competition! Throughout my career, | have watched textbook prices from all major 
publishers just climb higher and higher And don't believe the self-serving arguments that it's all of those expensive 
ancillaries that cost so much: do you know any authors of instructors’ manuals or testhanks who make a killing? 


All of which brings me to the point of this letter Last year | published Managing Marketing in the 21st Century 
through Wessex Inc, a small independent publisher with national and international fulfillment: $45 for the printed 
book, $25 for a read-online electronic version. Several colleagues in the U.S. gave the book high praise before 
publication, and the feedback from adopting instructors and their students has been very positive. In addition to 
several Columbia classes, instructors at Illinois Institute of Technology, China European International Business 
School (CEIBS), Johnson and Wales University, New York University, Rutgers University, Siena College, Simmons 
College, University of British Columbia, University of Illinois, University of New Hampshire, University of Southern 
Mississippi, and University of Texas (Austin) have adopted the book. 


Today | am announcing an important pricing change for Managing Marketing in the 21st Century. The printed book 
continues to be available for $45 with fulfillment by major distributor, BookMasters, Ohio. But on November 1, the 
price of the electronic version will go to ZERO That's right. Managing Marketing in the 21st Century is now FREE. 
Your students can read and study a world-class marketing textbook without paying one cent There is an instructor's 
manual, testhank, and PowerPoint slide deck to help you teach your courses, and a student study guide for your 
students 


Go to www.mm21c.com to find out more about the book. Do yourself and your students a favor by giving due 
consideration to adopting Managing Marketing in the 21st Century for your class. Good luck! 


Version Managing Marketing in the 21st Century 


Printed book $45 
Online Readable FREE 


Noel Capon 
R.C. Kopf Professor of International Marketing . 
www.mm2Ic.com 





